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Motivation

Advantages:
distributed data
parallel processing
privacy preservation
personalization
physical constraints

Collaborative Learning

Distributed DecentralizedChallenges:
connection failures
data heterogeneity
adversarial attacks
scalability
server failure
directed communications
communication-efficiency



Plan for Today

• PART I: Federated Learning, Personalization & Asynchrony


• PART II: Decentralized Learning & Robustness, Model Agnostic Meta-Learning


• PART II: Reinforcement Learning & Moreau Envelopes  



PART I

PersA-FL: Personalized Asynchronous Federated Distributed 
Learning
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fi(x) = E⇠i⇠DiFi (x, ⇠i)
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number of parameters

number of clients

local cost function

local distribution

• central server

• parameters

• heterogeneous distributions

Federated Distributed Learning

Stochastic cost over data batch :𝒟i

Challenges:
data heterogeneity
asynchronous communications



1. server sends its current set of parameters to a subset of clients
2. selected client  perform  steps of local updates (stochastic gradient descent) on 

3. server waits to receive all local updates back
4. server aggregates all the updates (average)

i Q fi

1 2 3 4 5

Agents

upload delaydownload 
delay

local update

global update

Time

…

global updateglobal update

FedAvg Algorithm



Limitations of synchronous algorithms:

• limited bandwidth

• different delays

• parallel communication

• connection reliability

• unavailability ...

Asynchronous Communications



Communication & Update Schedule



• Why do we need personalization?

very different tasks
large data

identical tasks
few data

Federated Learning Local Learning

Personalized Federated Learning

similar tasks (same nature)
few data

Examples:
● Search Query Auto-Completion
● Smart Keyboard Prediction
● Email Quick Reply

Personalization



Vanilla Federated Learning

MAML, Fallah et al. Moreau Envelopes, Dinh et al.

Hessian-vector product approximation exact solution approximation

Personalized Federated Learning

Personalized Federated Distributed Cost



• Why do we need personalization?

very different tasks
large data

identical tasks
few data

Distributed Optimization Local Optimization

Personalized Distributed Optimization

similar tasks (same nature)
few data

Examples:
● Search Query Auto-Completion
● Smart Keyboard Prediction
● Email Quick Reply

Personalization



Distributed optimization

1. exploiting shared properties

2. use local properties

3. inspired by fine-tuning

solve personalized cost

solve FL
fine-tune

different personalization budget

Personalized (Distributed) Optimization

fi(x) = E⇠i⇠DiFi (x, ⇠i)
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fi(x) = E⇠i⇠DiFi (x, ⇠i)
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Personalization Setup: Multi-step MAML

 steps of stochastic gradient 
descent (personalization budget)
u



PersA-FL (Server)



PersA-FL (Client)



Convergence Result

• : maximum delay

• : MAML stepsize

• : ME regularization

• : ME error

• : batch size

τ

α

λ

ν

b



• upload/download 

• percentage of active users

• staleness

≈ 4.4

Asynchronous Setup: Concurrency



Numerical Experiments: Heterogeneous Data

CIFAR-10MNIST



Personalized Search Ranking
• Data:

• input: partial query

• output: a list of suggestions 

• action: top  best suggestions

• Main Question:

• identify top suggestions

• ranking problem

k



Personalized Search Ranking

• 200 distinguished User IDs

• different personal preferences

• number of queries: [30, 100]

• list of suggestions: [2, 25]

• Potential suggestions: x3

• identify top suggestions among a small 
group of proposals



Personalized Ranking of Suggestions
• Model:

• Random Forest (Classic Model)

• MLP

• MLP + CNN

• Loss Function:

• Binary Cross-Entropy

• Mean Square Error

• Criterion:

• accuracy

• normalized mean reciprocal rank (MRR)



Numerical Result: Personalized Search Ranking

• 


• 


• 


•

n = 200

λ = 15

η ≈ 0.05

β = 1/n

• Weighted accuracy based on the location in the suggestion list

1,
1
2

,
1
3

, …,
1
k



PART II

PARS-Push: Personalized, Asynchronous and 
Robust Decentralized Optimization



f? := min
x2Rd

"
f(x) :=

1

n

nX

i=1

fi(x)

#

<latexit sha1_base64="Yk9LplUeWM6yeMNIL8psm2Ndsbo="></latexit>

fi(x) = E⇠i⇠DiFi (x, ⇠i)
<latexit sha1_base64="q2H1KL/HDO/Ac41KNMzNc9nu08Q="></latexit>

number of parameters

number of clients

local cost function

local distribution

• parameters

• heterogeneous distributions

Distributed Optimization

Stochastic cost over data batch :𝒟i

fi(x) = E⇠i⇠DiFi (x, ⇠i)
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number of parameters

number of clients

local cost function

local distribution

Challenges:

• distributed training ) communication bottleneck

• serverless ) consensus
<latexit sha1_base64="64L4DtWrZIxVU7PXc2ZiMXOJWuc="></latexit>

min
(x1,...,xn)2(Rd)n
s.t. x1=···=xn

"
f(x) :=

1

n

nX

i=1

fi(xi)

#

<latexit sha1_base64="TpQHvmgvaJYiTNTktHpQTuHRS94="></latexit>

Decentralization Challenge
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Network Setup
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• G = ([n], E) is a static, directed, and strongly-connected graph

• (i, j) 2 E i↵ there exists a directed link from node i to node j

• N�
i = {j|(j, i) 2 E} [ {i}

• N+
i = {j|(i, j) 2 E} [ {i}



Limitations of synchronous algorithms:

• communication delays

• connection reliability

• agent unavailability

Asynchronous Communications

Client 1

Client 2 Client n

…

Client 4
Client 3



A. each client  wakes up at least once in  consequent rounds,

B. the delays on each communication link are bounded by ,

C. each communication link fails at most  consecutive times.

effective maximum delay ,

each agent receives a message from its in-neighbors at least once every 

i Γw

Γd ≥ 1

Γf ≥ 0

Γe = Γw + Γd − 1

Γs = Γw(Γf + 1) + Γe

Asynchronous Communication Setup



Setup:

• initialize: 

• , 

Sketch of the idea:

• : sum of client ’s updates

, when client  is active

broadcasts  to out-neighbors , when link  is active

receives  from in neighbors, when link  is active

• : copy of  from the most recent communication of node  to the server

• : slack scalar which is initialized with , push-sum variable

• , : defined and updated similarly

xi ∈ ℝd

d−
i = |𝒩−

i | d+
i = |𝒩+

i |

ϕx
i i

ϕx
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i +
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i + 1

i
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j ( j, i)

ρx
ij ϕx

j j
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ρx
ij ← ϕx

j

yi 1

ϕy
i ρy

ij

Client 1

Client 2 Client n

…

Client 4
Client 3

“Running Sums” Technique for Decentralized Consensus



PARS-Push Algorithm

• Multi-step personalization budget ( )

• Asynchronous Communications

• Message Loss

• Communication Delay

u

Gradient-Push on an Augmented Communication Graph

}

Stochastic gradient com
putation

R
obust asynchronous aggregation

Stochastic gradient calculation

Robust asynchronous aggregation



PARS-Push Update Rule Analysis

Gradient-Push on an Augmented Communication Graph

τi(t) = {1, if node i wakes up at time t
0, otherwise

τl
ji(t) = {1, if τi(t) = 1 and the message from j to i arrives after an effective delay l ∈ [Γe]

0, otherwise



• Smoothness:

• Lipschitz Hessian:

• Strong Convexity:

• Bounded Gradient:

Assumptions: Smooth & Strongly-Convex





Convergence Guarantee: Smooth & Strongly-Convex

Strongly-Convex

Smooth

Bounded Variance



• Smoothness:

• Lipschitz Hessian:

• Bounded Gradient:

• Awake Nodes:

Assumptions: Smooth & Non-Convex



Convergence Guarantee: Smooth & Non-Convex

Smooth

Bounded Variance



Personalization Impact



Robustness to Asynchrony



PART III

On First-Order Meta-Reinforcement Learning     
with Moreau Envelopes



Motivation

very different tasksidentical tasks

Multi-Task RL Local RL
Meta-RL

similar tasks (same nature)



Multi-Task RL Setup



Policy Gradient RL



Policy Gradient Approach



Meta-Reinforcement Learning



Moreau Envelope Meta-Reinforcement Learning (MEMRL)

Bi-level optimization



Convergence Result



Numerical Experiment



Conclusion
We:

• studied federated learning under personalization and asynchronous updates

• proposed PersA-Fl algorithm to address this problem

• showed a first-order stationary convergence for our proposed algorithm under both 
MAML and ME personalization costs

• compared the performance of our algorithm with its counterparts on heterogeneous 
data



We:

• studied decentralized optimization under personalization and asynchronous 
updates with message loss and delay,

• proposed PARS-Push algorithm for personalized, asynchronous, and robust 
decentralized optimization,

• showed the convergence of our algorithm for strongly-convex and non-convex 
function classes.

Conclusion



Discussion

• Formulated the Meta-Reinforcement Learning problem with Moreau Envelopes

• Studied the convergence analysis of this problem for non-convex setups

• Provided numerical results of the performance of this formulation on D 
navigation problem

2

• Extending the theoretical analysis to the convex function class

• Study this problem for distributed multi-agent setups

• Exploring the connections of this problem to LP


