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3 Next Generation 
AI Technologies



Federated Learning: Next Word Prediction

https://blog.ml.cmu.edu/2019/11/12/federated-learning-challenges-methods-and-future-directions/

Federated learning helps preserve user privacy and reduce strain on the 
network by keeping data localized.

Devices communicate 
with a central server 
periodically to learn a 
global model. 



Federated Learning: Personalized Healthcare

Federated learning over heterogeneous electronic medical records 
distributed across multiple hospitals.

https://blog.ml.cmu.edu/2019/11/12/federated-learning-challenges-methods-and-future-directions/

Devices communicate 
with a central server 
periodically to learn a 
global model. 



“We continue to set the pace in machine 
learning and AI research. We introduced a 

new technique for training deep neural 
networks on mobile devices called Federated 

Learning. This technique enables people to 
run a shared machine learning model, while 
keeping the underlying data stored locally on 

mobile phones.”

Sundar Pichai
CEO, Alphabet

First Federated Learning
App Launched in 2017

4 Foundational Papers 
Cited in the Blog



4 Foundational Papers of 
Federated Learning

H. Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, 
Blaise Agüera y Arcas
Communication-Efficient Learning of Deep Networks from Decentralized Data
2/2016

Jakub Konečný, H. Brendan McMahan, Felix X. Yu, Peter Richtárik,
Ananda Theertha Suresh, Dave Bacon
Federated Learning: Strategies for Improving Communication Efficiency 
10/2016

Jakub Konečný, H. Brendan McMahan, Daniel Ramage, Peter Richtárik
Federated Optimization: Distributed Machine Learning for On-Device Intelligence 
10/2016

Keith Bonawitz, Vladimir Ivanov, Ben Kreuter, Antonio Marcedone, 
H. Brendan McMahan, Sarvar Patel, Daniel Ramage, Aaron Segal and Karn Seth
Practical Secure Aggregation for Privacy Preserving Machine Learning
3/2017

Training via 
Optimization

Privacy 
via Secure 

Aggregation

2016 - 2017

FedAvg 
algorithm

Communication 
compression



The Impact of Federated Learning



Weekly on Wednesdays
via Zoom
(41 Talks)
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Training a Federated Learning Model 
= Solving a Specific Optimization Problem

# devices
# model parameters / features

fi(x) = E⇠⇠Dif⇠(x)
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Loss on data        stored on device  Di
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Heterogeneous data regime: 
The datasets                              are allowed to be differentD1,D2, · · · ,Dn
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x2Rd

f(x)
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1

n

nX

i=1

fi(x)
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f3(x)

Local Gradient 
Descent
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xk+1

ORCHESTRATING
SERVER

CLIENT 1 CLIENT 2 CLIENT 3
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<latexit sha1_base64="GsE8QikG/f8vSC5sxqQAAX9BlDc=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbaCIJTdIuqx4MVjBfsh7VqyabYNTbJLkhXL0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTR0litAGiXik2gHWlDNJG4YZTtuxolgEnLaC0fXUbz1SpVkk78w4pr7AA8lCRrCx0n356SEdnXmTcq9YcivuDGiZeBkpQYZ6r/jV7UckEVQawrHWHc+NjZ9iZRjhdFLoJprGmIzwgHYslVhQ7aezgyfoxCp9FEbKljRopv6eSLHQeiwC2ymwGepFbyr+53USE175KZNxYqgk80VhwpGJ0PR71GeKEsPHlmCimL0VkSFWmBibUcGG4C2+vEya1Yp3UaneVku18yyOPBzBMZyCB5dQgxuoQwMICHiGV3hzlPPivDsf89ack80cwh84nz+4c4+o</latexit>

xk+1

ORCHESTRATING
SERVER



Local step methods (such as Local GD) do not have a theoretical 
communication complexity advantage over their non-local counterparts

Myth: taking local steps = communication avoidance strategy

Two Key FL Issues Related to the 
Heterogeneous Data Regime

There is probably no single model that would be good for everyone
Y. Jiang, J. Konečný, K. Rush, and S. Kannan
Improving Federated Learning Personalization via Model Agnostic Meta Learning
arXiv:1909.12488, 2019

Local Computation

Personalization
Ahmed Khaled, Konstantin Mishchenko and P.R.
Tighter theory for local SGD on identical and heterogeneous data
AISTATS 2020

Ahmed Khaled, Konstantin Mishchenko and P.R.
First analysis of local GD on heterogeneous data
NeurIPS 2019 Workshop on Federated Learning for Data Privacy and Confidentiality

We show these issues are connected 

and propose a solution to both

simultaneously!



Our Claims (Very High Level)

1. Local methods for solving ERM can be seen as 
methods for solving Personalized ERM (PERM) 
instead!

2. When viewed that way, local methods have (for the 
forst time!) better communication complexity than 
nonlocal methods!



Our New Formulation for FL: Personalized ERM

f(x)
def
=

1

n

nX

i=1

fi (xi)

<latexit sha1_base64="NakL8sO8+H2C99Bk6HbcHx7HQaI="></latexit>

 (x)
def
=

1

2n

nX

i=1

kxi � x̄k2

<latexit sha1_base64="+oIJwmqVIiQBXkX8XBAo29wEo6E="></latexit>

x̄
def
=

1

n

nX

i=1

xi

<latexit sha1_base64="NRUf/RDKQ57fgkMyuPlIGeoLiYw="></latexit>

x = [x1, x2, . . . , xn] 2 Rnd

<latexit sha1_base64="uLGK0RjmDn8Lkbv+gclJDm9xX1Q="></latexit>

Regularization parameter � � 0

<latexit sha1_base64="IFeo359pzEZrX7JiEqda1ZU3T/4=">AAACEXicbVC7TsMwFHV4lvIKMLJYtEidqqSqBGyVWBgLog+pjSrHvW2tOk6wHaQS9RdY+BUWBhBiZWPjb3DTDNByJEtH59yH7/EjzpR2nG9rZXVtfWMzt5Xf3tnd27cPDpsqjCWFBg15KNs+UcCZgIZmmkM7kkACn0PLH1/O/NY9SMVCcasnEXgBGQo2YJRoI/Xs0g0MY04ke0gFHBFJAtAgcbHLzZg+6Q7hDjvFnl1wyk4KvEzcjBRQhnrP/ur2QxoHIDTlRKmO60TaS4jUjHKY5ruxgojQMRlCx1Bh1iovSS+a4lOj9PEglOYJjVP1d0dCAqUmgW8qA6JHatGbif95nVgPzr2EiSjWIOh80SDmWId4Fg/uMwlU84khhEpm/orpyGRCTSQqb0JwF09eJs1K2a2WL64rhVo1iyOHjtEJKiEXnaEaukJ11EAUPaJn9IrerCfrxXq3PualK1bWc4T+wPr8AdqYnPY=</latexit>

Allow different models & penalize dissimilarity
Local GD works well!

Both issues fixed!

min
x1,...,xn2Rd

n
F (x)

def
= f(x) + � ·  (x)

o

<latexit sha1_base64="3vPYAAJPdSHFUEC8AJ4itpqXaiU="></latexit>



Interpolating Two Extremes

x(�) = (x1(�), . . . , xn(�)) 2 Rd ⇥ · · ·⇥ Rd = Rnd

<latexit sha1_base64="fsnjlW48kc/oLeMWxPBhYE75A8g="></latexit>

Solution is a function of �:

<latexit sha1_base64="iu8ipP/JKCxVmccEpBLlfcJgkjA=">AAACDXicbVC7TsMwFHV4lvIKMLJYtEhMVVJV4jFVYmEsgj6kNqocx2mtOnZkO0hV1B9g4VdYGECIlZ2Nv8FJM0DLkSwdn3Pvte/xY0aVdpxva2V1bX1js7RV3t7Z3du3Dw47SiQSkzYWTMiejxRhlJO2ppqRXiwJinxGuv7kOvO7D0QqKvi9nsbEi9CI05BipI00tKt3giUZhVRBBMOE4/wmQlgdMDMnQNWroV1xak4OuEzcglRAgdbQ/hoEAicR4RozpFTfdWLtpUhqihmZlQeJIjHCEzQifUM5iojy0nybGTw1SgBDIc3hGubq744URUpNI99URkiP1aKXif95/USHF15KeZxowvH8oTBhUAuYRQMDKgnWbGoIwpKav0I8RhJhbQIsmxDcxZWXSadecxu1y9t6pdko4iiBY3ACzoALzkET3IAWaAMMHsEzeAVv1pP1Yr1bH/PSFavoOQJ/YH3+AOQKmsM=</latexit>

Local regime Global regime(� = 0)

<latexit sha1_base64="D1nDB0/QF4LoJ2+rZEXRmB3TjEk=">AAAB+HicbVDLSgMxFL1TX7U+OurSTbAV6qbMlIK6EApuXFawD2iHkslk2tBMZkgyQi39EjcuFHHrp7jzb0zbWWjrgcDhnHO5N8dPOFPacb6t3Mbm1vZOfrewt39wWLSPjtsqTiWhLRLzWHZ9rChngrY005x2E0lx5HPa8ce3c7/zSKVisXjQk4R6ER4KFjKCtZEGdrFc6XMTDzC6Qc5FeWCXnKqzAFonbkZKkKE5sL/6QUzSiApNOFaq5zqJ9qZYakY4nRX6qaIJJmM8pD1DBY6o8qaLw2fo3CgBCmNpntBoof6emOJIqUnkm2SE9UitenPxP6+X6vDKmzKRpJoKslwUphzpGM1bQAGTlGg+MQQTycytiIywxESbrgqmBHf1y+ukXau69er1fa3UqGd15OEUzqACLlxCA+6gCS0gkMIzvMKb9WS9WO/WxzKas7KZE/gD6/MH4GyRQA==</latexit>

(� = +1)

<latexit sha1_base64="68JTtC7sblPJVFVm/u2MjNYjTuI=">AAAB/nicbVDLSgMxFM3UV62vUXHlJtgKFaHMlIK6EApuXFawD+iUkkkzbWgmMyR3hDIU/BU3LhRx63e4829M21lo9UDgcM653Jvjx4JrcJwvK7eyura+kd8sbG3v7O7Z+wctHSWKsiaNRKQ6PtFMcMmawEGwTqwYCX3B2v74Zua3H5jSPJL3MIlZLyRDyQNOCRipbx+Vyp4w8QHB1/jc4zKAyVmpbxedijMH/kvcjBRRhkbf/vQGEU1CJoEKonXXdWLopUQBp4JNC16iWUzomAxZ11BJQqZ76fz8KT41ygAHkTJPAp6rPydSEmo9CX2TDAmM9LI3E//zugkEl72UyzgBJuliUZAIDBGedYEHXDEKYmIIoYqbWzEdEUUomMYKpgR3+ct/SatacWuVq7tqsV7L6sijY3SCyshFF6iOblEDNRFFKXpCL+jVerSerTfrfRHNWdnMIfoF6+MbrDWT/Q==</latexit>

No communication is needed! Communication is necessary

xi(0) = arg min
z2Rd

fi(z)

<latexit sha1_base64="Oaf01NlIv4/tri8oQSXeumvjLJ4="></latexit>

xi(1) = arg min
z2Rd

1

n

nX

j=1

fj(z)

<latexit sha1_base64="UtDiOmpg+YpAS1SBA4AGfQpFnvQ="></latexit>

xi(1) = xj(1) 8i, j

<latexit sha1_base64="KdeTtwDnCkVJ+oD2sDoAcHkmfWA=">AAACGXicbVDLSgMxFM3UV62vUZdugq1QQcpMKagLoeDGZQX7gE4pmTTTps1kxiQjDkN/w42/4saFIi515d+YtoNo64HAuefcy809bsioVJb1ZWSWlldW17LruY3Nre0dc3evIYNIYFLHAQtEy0WSMMpJXVHFSCsUBPkuI013dDnxm3dESBrwGxWHpOOjPqcexUhpqWtahftuQsdFh3JPxccXuhr+VNC5jVAPOl4gEGOQnsBhoWvmrZI1BVwkdkryIEWta344vQBHPuEKMyRl27ZC1UmQUBQzMs45kSQhwiPUJ21NOfKJ7CTTy8bwSCs9qPfrxxWcqr8nEuRLGfuu7vSRGsh5byL+57Uj5Z11EsrDSBGOZ4u8iEEVwElMsEcFwYrFmiAsqP4rxAMkEFY6zJwOwZ4/eZE0yiW7Ujq/LuerlTSOLDgAh6AIbHAKquAK1EAdYPAAnsALeDUejWfjzXiftWaMdGYf/IHx+Q3pE5+N</latexit>



Optimality Conditions
Model personalized to device i

x̄(�) =
1

n

nX

i=1

xi(�)

<latexit sha1_base64="JwL+Un0vFI2+dX6trSr6V5UVFKI="></latexit>

“Meta model” = average of the personalized models
Model Agnostic Meta Learning

C Finn, P Abbeel, S Levine 
Model-agnostic meta-learning for fast adaptation of deep networks
ICML 2017

min
✓2Rd

(
1

n

nX

i=1

fi(zi) : zi = ✓ � ↵rfi(✓) 8i
)

<latexit sha1_base64="HkwKlRBcWT/7Or8canv4vXOqlaQ="></latexit>

xi(�) = x̄(�)� 1

�
rfi (xi(�))

<latexit sha1_base64="zkhDiPdfzT46shT7cLUs7l4zfCE="></latexit>



Random # local steps 
(L2 = Local & Loopless)

Local Methods Developed in our Work

Control variates
(i.e., variance 

reduced method)

On-Device
Stochastic 

Approximatin

Partial 
Participation 

of Devices

L2GD

L2GD+

L2SGD+

L2SGD++



L2GD: Loopless Local GD

Idea: Apply non-uniform SGD to PERM seen as a 2-sum 
problem!

xk+1 = xk � ↵G
�
xk

�

<latexit sha1_base64="DM/CXfYCKTGMMf4LjTjMT58zZMM=">AAACE3icbVC7SgNBFJ2Nrxhfq5Y2g4kQFcNuCKiFELDQMoJ5QDaG2clsMmT2wcxdMSz5Bxt/xcZCEVsbO//GyaPQxAOXezjnXmbucSPBFVjWt5FaWFxaXkmvZtbWNza3zO2dmgpjSVmVhiKUDZcoJnjAqsBBsEYkGfFdwepu/3Lk1++ZVDwMbmEQsZZPugH3OCWgpbZ5lHu4S/rH9vBi1IcnDhFRj+ArRzAP8mPNkbzbg8Nc28xaBWsMPE/sKcmiKSpt88vphDT2WQBUEKWathVBKyESOBVsmHFixSJC+6TLmpoGxGeqlYxvGuIDrXSwF0pdAeCx+nsjIb5SA9/Vkz6Bnpr1RuJ/XjMG76yV8CCKgQV08pAXCwwhHgWEO1wyCmKgCaGS679i2iOSUNAxZnQI9uzJ86RWLNilwvlNMVsuTeNIoz20j/LIRqeojK5RBVURRY/oGb2iN+PJeDHejY/JaMqY7uyiPzA+fwAOw52f</latexit>

G
�
xk

� def
=

8
<

:

rf(xk)
1�p with probability 1� p

�r (xk)
p with probability p

<latexit sha1_base64="dIDhT+MWobA3evj2oggauwvxWKQ="></latexit>

Stochastic gradient defined by E
⇥
G
�
xk

�⇤
= rF

�
xk

�

<latexit sha1_base64="wJhFAVcJlsiXF6h8ejMhCm9e3RY=">AAACMHicbVDLSsNAFJ34rPUVdelmsAq6KUkR1IUgiNZlBWuFJpbJdNIOnUzCzI1YQj7JjZ+iGwVF3PoVTh8LtV4Y7uHcc7lzTpAIrsFxXq2p6ZnZufnCQnFxaXll1V5bv9Zxqiir01jE6iYgmgkuWR04CHaTKEaiQLBG0DsdzBt3TGkeyyvoJ8yPSEfykFMChmrZ1W0vItANguws9wQLoVkdtt3726yXe4p3urA3av6xJ0kgCD6fVGy37JJTdoaFJ4E7BiU0rlrLfvLaMU0jJoEKonXTdRLwM6KAU8HyopdqlhDaIx3WNFCSiGk/GxrO8Y5h2jiMlXkS8JD9uZGRSOt+FBjlwJ3+OxuQ/82aKYSHfsZlkgKTdHQoTAWGGA/Sw22uGAXRN4BQxc1fMe0SRSiYjIsmBPev5UlwXSm7++Wjy0rpZH8cRwFtoi20i1x0gE7QBaqhOqLoAT2jN/RuPVov1of1OZJOWeOdDfSrrK9vT4qqTw==</latexit>

Local GD step on all devices

A step towards model averaging



L2GD: Convergence

↵  1
2L

<latexit sha1_base64="TbQNTE5SkmkNw4Deaa/0PHXCLSc=">AAACDnicbVC7SgNBFJ2Nrxhfq5Y2g0nAKuwGQe2CNhYWEcwDsiHcncwmQ2YfzswKYdkvsPFXbCwUsbW282+cTbbQxAMXDufcy733uBFnUlnWt1FYWV1b3yhulra2d3b3zP2DtgxjQWiLhDwUXRck5SygLcUUp91IUPBdTjvu5CrzOw9USBYGd2oa0b4Po4B5jIDS0sCsVhzg0Riww+k9djwBJLHTpI4dH9SYAE9u0rQyMMtWzZoBLxM7J2WUozkwv5xhSGKfBopwkLJnW5HqJyAUI5ymJSeWNAIygRHtaRqAT2U/mb2T4qpWhtgLha5A4Zn6eyIBX8qp7+rO7Ei56GXif14vVt55P2FBFCsakPkiL+ZYhTjLBg+ZoETxqSZABNO3YjIGHYnSCZZ0CPbiy8ukXa/Zp7WL23q5cZnHUURH6BidIBudoQa6Rk3UQgQ9omf0it6MJ+PFeDc+5q0FI585RH9gfP4AKZablA==</latexit>

L def
=

1

n
max

⇢
L

1� p
,
�

p

�

<latexit sha1_base64="dTzCMAkARbUcTF1cAg3a+Q1p+Oo="></latexit>

fi is µ-strongly convex

<latexit sha1_base64="SRXXOr2BHcQcnMhxydk9IQhoZ9A=">AAACB3icbVDLSgMxFM3UV62vUZeCBDuCG8tMKai7ghuXFewD2mHIpJk2NJMMSaZYhu7c+CtuXCji1l9w59+YtrPQ6oHA4Zx7uTknTBhV2nW/rMLK6tr6RnGztLW9s7tn7x+0lEglJk0smJCdECnCKCdNTTUjnUQSFIeMtMPR9cxvj4lUVPA7PUmIH6MBpxHFSBspsI+dKKAOpAo6vTh1zpWWgg/YBGLBx+Q+sMtuxZ0D/iVeTsogRyOwP3t9gdOYcI0ZUqrruYn2MyQ1xYxMS71UkQThERqQrqEcxUT52TzHFJ4apQ8jIc3jGs7VnxsZipWaxKGZjJEeqmVvJv7ndVMdXfoZ5UmqCceLQ1HKoBZwVgrsU0mwNqn7FGFJzV8hHiKJsDbVlUwJ3nLkv6RVrXi1ytVttVyv5XUUwRE4AWfAAxegDm5AAzQBBg/gCbyAV+vRerberPfFaMHKdw7BL1gf30ZNmE0=</latexit>

f is µ
n -strongly convex

<latexit sha1_base64="3R6BbN3YlGvURs5GWDYdfifUAfs=">AAACD3icbVDLSgMxFM34rPU16tJNsFXcWGZKQd0V3LisYB/QDiWTZtrQPIYkUyzD/IEbf8WNC0XcunXn35g+Ftp6IHA4515uzgljRrXxvG9nZXVtfWMzt5Xf3tnd23cPDhtaJgqTOpZMqlaINGFUkLqhhpFWrAjiISPNcHgz8ZsjojSV4t6MYxJw1Bc0ohgZK3Xds2JUhFTDYidSCKcdnmSpyIoX2igp+mwMsRQj8tB1C17JmwIuE39OCmCOWtf96vQkTjgRBjOkddv3YhOkSBmKGcnynUSTGOEh6pO2pQJxooN0mieDp1bpwUgq+4SBU/X3Roq41mMe2kmOzEAvehPxP6+dmOgqSKmIE0MEnh2KEgaNhJNyYI8qgo1N3aMIK2r/CvEA2WKMrTBvS/AXIy+TRrnkV0rXd+VCtTKvIweOwQk4Bz64BFVwC2qgDjB4BM/gFbw5T86L8+58zEZXnPnOEfgD5/MHOiScKw==</latexit>

R. Gower, N. Loizou, X. Qian, A. Sailanbayev, E. Shulgin and P.R.
SGD: General Analysis and Improved Rates
ICML 2019

xk+1 = xk � ↵G
�
xk

�

<latexit sha1_base64="DM/CXfYCKTGMMf4LjTjMT58zZMM=">AAACE3icbVC7SgNBFJ2Nrxhfq5Y2g4kQFcNuCKiFELDQMoJ5QDaG2clsMmT2wcxdMSz5Bxt/xcZCEVsbO//GyaPQxAOXezjnXmbucSPBFVjWt5FaWFxaXkmvZtbWNza3zO2dmgpjSVmVhiKUDZcoJnjAqsBBsEYkGfFdwepu/3Lk1++ZVDwMbmEQsZZPugH3OCWgpbZ5lHu4S/rH9vBi1IcnDhFRj+ArRzAP8mPNkbzbg8Nc28xaBWsMPE/sKcmiKSpt88vphDT2WQBUEKWathVBKyESOBVsmHFixSJC+6TLmpoGxGeqlYxvGuIDrXSwF0pdAeCx+nsjIb5SA9/Vkz6Bnpr1RuJ/XjMG76yV8CCKgQV08pAXCwwhHgWEO1wyCmKgCaGS679i2iOSUNAxZnQI9uzJ86RWLNilwvlNMVsuTeNIoz20j/LIRqeojK5RBVURRY/oGb2iN+PJeDHejY/JaMqY7uyiPzA+fwAOw52f</latexit>

G
�
xk

� def
=

8
<

:

rf(xk)
1�p with probability 1� p

�r (xk)
p with probability p

<latexit sha1_base64="dIDhT+MWobA3evj2oggauwvxWKQ="></latexit>

On average,
1�p
p local steps in between aggregations

<latexit sha1_base64="z8mtBADR5Ss7sxBTIK8RChi7bVc="></latexit>

On average, p(1� p)k communications per k iterations

<latexit sha1_base64="ZnDTy02k8/rzIdUcEfDA0I/BxlU=">AAACIXicbVDLSgMxFM34rPU16tJNsBUqaJkpBeuu4MadFewD2lIyadqGJpmQZIQy9Ffc+CtuXCjSnfgzptNZaOuBwOGcc8m9J5CMauN5X87a+sbm1nZmJ7u7t39w6B4dN3QYKUzqOGShagVIE0YFqRtqGGlJRRAPGGkG49u533wiStNQPJqJJF2OhoIOKEbGSj23ci8gsgE0JJcwLwv+lbyA4zzEIeeRSGMaSqJg3srU2Ggi9dycV/QSwFXipyQHUtR67qzTD3HEiTCYIa3bvidNN0bKUMzINNuJNJEIj+0mbUsF4kR34+TCKTy3Sh8OQmWfMDBRf0/EiGs94YFNcmRGetmbi/957cgMKt2YChkZIvDio0HEoAnhvC7Yp4pgwyaWIKyo3RXiEVII2yJ01pbgL5+8Shqlol8u3jyUctVyWkcGnIIzUAA+uAZVcAdqoA4weAav4B18OC/Om/PpzBbRNSedOQF/4Hz/AHcQoeI=</latexit>

Optimize over p to minimize number of communications!

<latexit sha1_base64="b8DkXnjDOWuHKTN2/fIgfR6isN8=">AAACIHicbVDLSgMxFM34rPU16tJNtBVclZlSqO4KbtxZwT6gLSWTZtrQPIYkI9Shn+LGX3HjQhHd6deYaWehrQcCh3PO5eaeIGJUG8/7clZW19Y3NnNb+e2d3b199+CwqWWsMGlgyaRqB0gTRgVpGGoYaUeKIB4w0grGV6nfuidKUynuzCQiPY6GgoYUI2Olvlu9iQzl9IFAaWOwGBWhkZBTMRdFzAMryxBiyXkssjl90ncLXsmbAS4TPyMFkKHedz+7A4ljToTBDGnd8b3I9BKkDMWMTPPdWJMI4TEako6lAnGie8nswCk8s8oAhlLZJwycqb8nEsS1nvDAJjkyI73opeJ/Xic24UUvoSKKDRF4viiMWdpB2hYcUEWwYRNLEFbU/hXiEVIIG9tp3pbgL568TJrlkl8pXd6WC7VKVkcOHINTcA58UAU1cA3qoAEweATP4BW8OU/Oi/PufMyjK042cwT+wPn+AWsoox8=</latexit>

p? =
�

�+ L

<latexit sha1_base64="j1/2/2Wl9rpcvU4j0sd/zGFLIHQ=">AAACEXicbVDLSsNAFJ34rPUVdelmsBEKQklKQV0IBTcuXFSwD2himUwm7dDJJMxMhBL6C278FTcuFHHrzp1/47SNoK0HBg7n3MOde/yEUals+8tYWl5ZXVsvbBQ3t7Z3ds29/ZaMU4FJE8csFh0fScIoJ01FFSOdRBAU+Yy0/eHlxG/fEyFpzG/VKCFehPqchhQjpaWeWbas5M6VCgl4Ad1QIJy5TMcDNP4h8OR6bFk9s2RX7CngInFyUgI5Gj3z0w1inEaEK8yQlF3HTpSXIaEoZmRcdFNJEoSHqE+6mnIUEell04vG8FgrAQxjoR9XcKr+TmQoknIU+XoyQmog572J+J/XTVV45mWUJ6kiHM8WhSmDKoaTemBABcGKjTRBWFD9V4gHSNeidIlFXYIzf/IiaVUrTq1yflMt1Wt5HQVwCI5AGTjgFNTBFWiAJsDgATyBF/BqPBrPxpvxPhtdMvLMAfgD4+MbeCWcIQ==</latexit>

2�

�+ L

L

µ
log

1

"
communications

<latexit sha1_base64="aMSIWwVTDvX+eQLVRriEcSIXscw="></latexit>

E
h��xk � x(�)

��2
i


⇣
1� ↵µ

n

⌘k ��x0 � x(�)
��2 + 2n↵�2

µ

<latexit sha1_base64="RHVK8K+UFrjxMVT5VgQBRPCZaTc="></latexit>

fi is L-smooth

<latexit sha1_base64="2pKphLztnpU/akvHI51kF56q6M4=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYCO4sSSloO4Kbly4qGAf0IYwmU7aoTOZMDMRQqi/4saFIm79EHf+jdM2C209cOFwzr3ce0+YMKq0635ba+sbm1vbpZ3y7t7+waF9dNxRIpWYtLFgQvZCpAijMWlrqhnpJZIgHjLSDSc3M7/7SKSiIn7QWUJ8jkYxjShG2kiBXXGigDqQKujcOReKC6HHgV11a+4ccJV4BamCAq3A/hoMBU45iTVmSKm+5ybaz5HUFDMyLQ9SRRKEJ2hE+obGiBPl5/Pjp/DMKEMYCWkq1nCu/p7IEVcq46Hp5EiP1bI3E//z+qmOrvycxkmqSYwXi6KUQS3gLAk4pJJgzTJDEJbU3ArxGEmEtcmrbELwll9eJZ16zWvUru/r1WajiKMETsApOAceuARNcAtaoA0wyMAzeAVv1pP1Yr1bH4vWNauYqYA/sD5/AG0Qk1I=</latexit>



L2GD: # Communications

2�

�+ L

L

µ
log

1

"
! L

µ
log

1

"
as � ! 1

<latexit sha1_base64="vv76jt9wpan1IjzVFzruVNtHtFI="></latexit>

Local regime Global regime(� = 0)

<latexit sha1_base64="D1nDB0/QF4LoJ2+rZEXRmB3TjEk=">AAAB+HicbVDLSgMxFL1TX7U+OurSTbAV6qbMlIK6EApuXFawD2iHkslk2tBMZkgyQi39EjcuFHHrp7jzb0zbWWjrgcDhnHO5N8dPOFPacb6t3Mbm1vZOfrewt39wWLSPjtsqTiWhLRLzWHZ9rChngrY005x2E0lx5HPa8ce3c7/zSKVisXjQk4R6ER4KFjKCtZEGdrFc6XMTDzC6Qc5FeWCXnKqzAFonbkZKkKE5sL/6QUzSiApNOFaq5zqJ9qZYakY4nRX6qaIJJmM8pD1DBY6o8qaLw2fo3CgBCmNpntBoof6emOJIqUnkm2SE9UitenPxP6+X6vDKmzKRpJoKslwUphzpGM1bQAGTlGg+MQQTycytiIywxESbrgqmBHf1y+ukXau69er1fa3UqGd15OEUzqACLlxCA+6gCS0gkMIzvMKb9WS9WO/WxzKas7KZE/gD6/MH4GyRQA==</latexit>

(� = +1)

<latexit sha1_base64="68JTtC7sblPJVFVm/u2MjNYjTuI=">AAAB/nicbVDLSgMxFM3UV62vUXHlJtgKFaHMlIK6EApuXFawD+iUkkkzbWgmMyR3hDIU/BU3LhRx63e4829M21lo9UDgcM653Jvjx4JrcJwvK7eyura+kd8sbG3v7O7Z+wctHSWKsiaNRKQ6PtFMcMmawEGwTqwYCX3B2v74Zua3H5jSPJL3MIlZLyRDyQNOCRipbx+Vyp4w8QHB1/jc4zKAyVmpbxedijMH/kvcjBRRhkbf/vQGEU1CJoEKonXXdWLopUQBp4JNC16iWUzomAxZ11BJQqZ76fz8KT41ygAHkTJPAp6rPydSEmo9CX2TDAmM9LI3E//zugkEl72UyzgBJuliUZAIDBGedYEHXDEKYmIIoYqbWzEdEUUomMYKpgR3+ct/SatacWuVq7tqsV7L6sijY3SCyshFF6iOblEDNRFFKXpCL+jVerSerTfrfRHNWdnMIfoF6+MbrDWT/Q==</latexit>
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<latexit sha1_base64="/Mp0XRmxMwrcUG9FTz23geRgx9E="></latexit>

Rate of GD on ERM

First result for Local GD showing
improvement over GD!



Part 3
Adding Compression

for Better Communication Efficiency
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The END


