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Stochastic Gradient Descent
Stochastic gradient descent (SGD) is the 

backbone of ML, especially deep learning
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Loss incurred by the i-th sample



Big Model, Big Data

Training on a single machine 
can takes several days or even weeks.

It is imperative to distribute SGD 
across multiple machines!
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Extremely high-dimensional parameters

Extremely large training datasets



Execution pipeline:

1. Local stochastic gradients computation
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§ Blue arrows: gradient computation time
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Gradient at k-th iteration and i-th worker:

Classic Method: Fully Synchronous SGD
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Execution pipeline:

1. Local stochastic gradients computation

2. Average local models across all nodes

Wall-clock time
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Parameter Server All-Reduceworker 1
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§ Blue arrows: gradient computation time § Red blocks: communication time

Classic Method: Fully Synchronous SGD

Communication can be implemented via:

Li et al. Scaling Distributed Machine 
Learning with the Parameter Server, 
In OSDI 2014

Goyal et al. Accurate, Large Mini-Batch 
SGD: Training ImageNet in 1 Hour, 
ArXiv preprint 2017
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Execution pipeline:

1. Local stochastic gradients computation

2. Average local models across all nodes

3. Repeat the above steps until convergence
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§ Blue arrows: gradient computation time § Red blocks: communication time

Classic Method: Fully Synchronous SGD
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§ Blue arrows: gradient computation time § Red blocks: communication time
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Wall-clock time

In deep neural nets training, the communication time can be even larger 

than computation time. [Harlap et al. ArXiv preprint 2018; Wang and Joshi, SysML 2019]

worker 1

worker 2

worker m

…
…

x1 x2 x3 x4

Communication is the Bottleneck in DNN Training

Co
m

m
un

ic
at

io
n

Co
m

m
un

ic
at

io
n

Co
m

m
un

ic
at

io
n

8



It is critical to develop  communication-efficient distributed SGD

Wall-clock time
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Previous works

§ Periodic Averaging SGD / Local SGD
Stich, S.U., Local SGD Converges Fast and Communicates Little, In ICLR 2019
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Recall the Update Rule of Sync. SGD

§ (Computation) Worker nodes perform local stepsInitial point x1

xk � ⌘g(xk; ⇠
(i)
k )

<latexit sha1_base64="zqoIXStxJNnbt45x/EJ+KCLau1o=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VoF5akChbcFNy4rGAf0MQwmU7aoZMHMxNpCfkNN/6KGxeKuNSVf+OkzaK2HrhwOOde7r3HjRgV0jB+tMLa+sbmVnG7tLO7t3+gHx51RBhzTNo4ZCHvuUgQRgPSllQy0os4Qb7LSNcd32R+95FwQcPgXk4jYvtoGFCPYiSV5OiG5SM5cr1kkjpjeA4tIhEcVhbVa2hNqDN+SCq0mlYdvWzUjBngKjFzUgY5Wo7+ZQ1CHPskkJghIfqmEUk7QVxSzEhasmJBIoTHaEj6igbIJ8JOZp+l8EwpA+iFXFUg4UxdnEiQL8TUd1VndrFY9jLxP68fS69hJzSIYkkCPF/kxQzKEGYxwQHlBEs2VQRhTtWtEI8QR1iqMEsqBHP55VXSqdfMi1r97rLcbORxFMEJOAUVYIIr0AS3oAXaAIMn8ALewLv2rL1qH9rnvLWg5TPH4A+0719siZ/i</latexit>

Gradient step

Communication step

Motivation of Periodic Averaging

11



Recall the Update Rule of Sync. SGD

§ (Computation) Worker nodes perform local stepsInitial point x1

xk � ⌘g(xk; ⇠
(i)
k )
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Gradient step

Communication step

§ (Communication) Local models are averaged across all the nodes

x2

xk+1 =
1

m

mX

i=1

h
xk � ⌘g(xk; ⇠

(i)
k )

i

<latexit sha1_base64="YIA3AppbEhKuqcZmFXJBfiiX2t8="></latexit>

Motivation of Periodic Averaging
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Recall the Update Rule of Sync. SGD

§ (Computation) Worker nodes perform local steps

§ (Communication) Local models are averaged across all the nodes

Initial point x1

x3

x4

Communicate at every iteration? 
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Gradient step

Communication step

x2

Motivation of Periodic Averaging
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Periodic Averaging SGD (PASGD)
[Stich ICLR 2019]

§ Workers perform 𝝉 local updates

§ Local models are averaged after every 𝝉 local steps

Gradient step

Communication step

Initial point x1

x4

x7
<latexit sha1_base64="/o+Uec4i+dWHIlqmxW+baIn8BLE=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQK7bLgxmUF+4AmlMl00g6dTMI8xBL6G25cKOLWn3Hn3zhps9DWAwOHc+7lnjlhypnSrvvtbGxube/slvbK+weHR8eVk9OuSowktEMSnsh+iBXlTNCOZprTfiopjkNOe+H0Nvd7j1QqlogHPUtpEOOxYBEjWFvJ92OsJ2GUPc2HjWGl6tbcBdA68QpShQLtYeXLHyXExFRowrFSA89NdZBhqRnhdF72jaIpJlM8pgNLBY6pCrJF5jm6tMoIRYm0T2i0UH9vZDhWahaHdjLPqFa9XPzPGxgdNYOMidRoKsjyUGQ40gnKC0AjJinRfGYJJpLZrIhMsMRE25rKtgRv9cvrpFuvede1+v1NtdUs6ijBOVzAFXjQgBbcQRs6QCCFZ3iFN8c4L86787Ec3XCKnTP4A+fzBzHEkcA=</latexit>

Communication period
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Sync. SGD
end time

Periodic Averaging Can 
Greatly Reduce Training Time
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Blue arrow: gradient computation time

Red block: communication time

15



Periodic Averaging Can 
Greatly Reduce Training Time

worker 1

worker 2
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Sync. SGD
end time

PASGD
end time

Blue arrow: gradient computation time

Red block: communication time Communication delay is reduced by 𝜏 times

Still converge?
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Previous works

§ Periodic Averaging SGD / Local SGD
Stich, S.U., Local SGD Converges Fast and Communicates Little, In ICLR 2019

§ Elastic Averaging SGD
Zhang, S. et al., Deep Learning with Elastic Averaging SGD, In NeurIPS 2015
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Elastic Averaging SGD (EASGD)
[Zhang et al. NeurIPS 2015]

Anchor model update

Gradient step

Communication step

Initial point z1
<latexit sha1_base64="xmW0Rk0HlcAKJ/E23Vf56qjZLjg=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWaqYJcFNy4r2Ad0hpJJM21oJjMkGaEO/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6jhVlHVoLGLVD4hmgkvWMdwI1k8UI1EgWC+Y3uZ+75EpzWP5YGYJ8yMyljzklBgreV5EzCQIs6f50B1Wa07dWQCvE7cgNSjQHla/vFFM04hJQwXReuA6ifEzogyngs0rXqpZQuiUjNnAUkkipv1skXmOL6wywmGs7JMGL9TfGxmJtJ5FgZ3MM+pVLxf/8wapCZt+xmWSGibp8lCYCmxinBeAR1wxasTMEkIVt1kxnRBFqLE1VWwJ7uqX10m3UXev6o3761qrWdRRhjM4h0tw4QZacAdt6ACFBJ7hFd5Qil7QO/pYjpZQsXMKf4A+fwArupG8</latexit>

§ Key Idea: Local models are guided towards 

to an anchor model after every 𝜏 local steps
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Elastic Averaging SGD (EASGD)
[Zhang et al. NeurIPS 2015]

Anchor model update

Gradient step

Communication step

Initial point z1
<latexit sha1_base64="xmW0Rk0HlcAKJ/E23Vf56qjZLjg=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWaqYJcFNy4r2Ad0hpJJM21oJjMkGaEO/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6jhVlHVoLGLVD4hmgkvWMdwI1k8UI1EgWC+Y3uZ+75EpzWP5YGYJ8yMyljzklBgreV5EzCQIs6f50B1Wa07dWQCvE7cgNSjQHla/vFFM04hJQwXReuA6ifEzogyngs0rXqpZQuiUjNnAUkkipv1skXmOL6wywmGs7JMGL9TfGxmJtJ5FgZ3MM+pVLxf/8wapCZt+xmWSGibp8lCYCmxinBeAR1wxasTMEkIVt1kxnRBFqLE1VWwJ7uqX10m3UXev6o3761qrWdRRhjM4h0tw4QZacAdt6ACFBJ7hFd5Qil7QO/pYjpZQsXMKf4A+fwArupG8</latexit>

§ Key Idea: Local models are guided towards 

to an anchor model after every 𝜏 local steps

x(i)
k+⌧  (1� ↵)x(i)

k+⌧ + ↵zk
<latexit sha1_base64="fPXrmtlOZbwX3HXIAyf+fcaspEo="></latexit>

§ Workers update rule:

Elasticity parameter

19



Elastic Averaging SGD (EASGD)
[Zhang et al. NeurIPS 2015]

§ Key Idea: Local models are guided towards 

to an anchor model after every 𝜏 local steps

Anchor model update

Gradient step

Communication step

Initial point z1
<latexit sha1_base64="xmW0Rk0HlcAKJ/E23Vf56qjZLjg=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWaqYJcFNy4r2Ad0hpJJM21oJjMkGaEO/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6jhVlHVoLGLVD4hmgkvWMdwI1k8UI1EgWC+Y3uZ+75EpzWP5YGYJ8yMyljzklBgreV5EzCQIs6f50B1Wa07dWQCvE7cgNSjQHla/vFFM04hJQwXReuA6ifEzogyngs0rXqpZQuiUjNnAUkkipv1skXmOL6wywmGs7JMGL9TfGxmJtJ5FgZ3MM+pVLxf/8wapCZt+xmWSGibp8lCYCmxinBeAR1wxasTMEkIVt1kxnRBFqLE1VWwJ7uqX10m3UXev6o3761qrWdRRhjM4h0tw4QZacAdt6ACFBJ7hFd5Qil7QO/pYjpZQsXMKf4A+fwArupG8</latexit>

x(i)
k+⌧  (1� ↵)x(i)

k+⌧ + ↵zk
<latexit sha1_base64="fPXrmtlOZbwX3HXIAyf+fcaspEo="></latexit>

§ Workers update rule:

§ Anchor update rule:

zk+⌧  (1�m↵)zk + ↵
mX

i=1

x(i)
k+⌧

<latexit sha1_base64="d64GTE5qJr5MtNYrAOA3l1AdPjM="></latexit>

z4
<latexit sha1_base64="Jw6C7a+RixhVli7+npi4CSBGbN4=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiS10C4LblxWsA9oY5lMJ+3QySTMTJQa8h9uXCji1n9x5984abPQ1gMDh3Pu5Z45XsSZ0rb9bRU2Nre2d4q7pb39g8Oj8vFJV4WxJLRDQh7KvocV5UzQjmaa034kKQ48Tnve7Drzew9UKhaKOz2PqBvgiWA+I1gb6X4YYD31/OQpHSX1dFSu2FV7AbROnJxUIEd7VP4ajkMSB1RowrFSA8eOtJtgqRnhNC0NY0UjTGZ4QgeGChxQ5SaL1Cm6MMoY+aE0T2i0UH9vJDhQah54ZjJLqVa9TPzPG8Tab7oJE1GsqSDLQ37MkQ5RVgEaM0mJ5nNDMJHMZEVkiiUm2hRVMiU4q19eJ91a1bmq1m7rlVYzr6MIZ3AOl+BAA1pwA23oAAEJz/AKb9aj9WK9Wx/L0YKV75zCH1ifP/yTkss=</latexit>
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Elastic Averaging SGD (EASGD)
[Zhang et al. NeurIPS 2015]

§ Key Idea: Local models are guided towards 

to an anchor model after every 𝜏 local steps

Anchor model update

Gradient step

Communication step

Initial point z1
<latexit sha1_base64="xmW0Rk0HlcAKJ/E23Vf56qjZLjg=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWaqYJcFNy4r2Ad0hpJJM21oJjMkGaEO/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6jhVlHVoLGLVD4hmgkvWMdwI1k8UI1EgWC+Y3uZ+75EpzWP5YGYJ8yMyljzklBgreV5EzCQIs6f50B1Wa07dWQCvE7cgNSjQHla/vFFM04hJQwXReuA6ifEzogyngs0rXqpZQuiUjNnAUkkipv1skXmOL6wywmGs7JMGL9TfGxmJtJ5FgZ3MM+pVLxf/8wapCZt+xmWSGibp8lCYCmxinBeAR1wxasTMEkIVt1kxnRBFqLE1VWwJ7uqX10m3UXev6o3761qrWdRRhjM4h0tw4QZacAdt6ACFBJ7hFd5Qil7QO/pYjpZQsXMKf4A+fwArupG8</latexit>

Communication delay is reduced by 𝜏 times

Convergence analysis

§ Limited in quadratic objective function

§ How to select the elasticity parameter α?

z4
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Previous works

§ Periodic Averaging SGD / Local SGD
Stich, S.U., Local SGD Converges Fast and Communicates Little, In ICLR 2019

§ Elastic Averaging SGD
Zhang, S. et al., Deep Learning with Elastic Averaging SGD, In NeurIPS 2015

§ Decentralized Parallel SGD
Lian, X. et al., Can Decentralized Algorithms Outperform Centralized Algorithms?, In NeurIPS 2017 (oral)
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Model Dependencies in Fully Sync. SGD
Motivation of Decentralized Averaging

Worker 1

Worker 2

Worker 3

Worker 4

Worker 1

Worker 2

Worker 3

Worker 4

§ In sync. SGD, each worker requires 

information from all others

Communicate with all others? 

xk+1 =
1

m

mX

i=1

h
xk � ⌘g(xk; ⇠

(i)
k )

i Model Dependency Graph
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Decentralized Parallel SGD (D-PSGD)
[Lian et al. NeurIPS 2017]

Worker 1

Worker 2

Worker 3

Worker 4

Worker 1

Worker 2

Worker 3

Worker 4

Key Idea:

§ Each worker requires information 

from very few neighbors

Model Dependency Graph

24

x(i)
k+1 =

X

j2Ni

Wji

h
x(j)
k � ⌘g(x(j)

k ; ⇠(j)k )
i
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Sync. SGD
end time

Decentralized Averaging Can 
Greatly Reduce Training Time
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worker m
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Blue arrow: gradient computation time

Red block: communication time
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Sync. SGD
end time

Decentralized Averaging Can 
Greatly Reduce Training Time
Blue arrow: gradient computation time

Red block: communication time

Wall-clock time
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D-PSGD
end time

Reduce communication complexity
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Lian, X. et al., Can Decentralized Algorithms Outperform Centralized Algorithms?, In NeurIPS 2017 (oral)

§ Periodic Averaging SGD / Local SGD
Stich, S.U., Local SGD Converges Fast and Communicates Little, In ICLR 2019

§ Elastic Averaging SGD
Zhang, S. et al., Deep Learning with Elastic Averaging SGD, In NeurIPS 2015

§ Decentralized Parallel SGD

Temporal-sparse 

communication

Spatial-sparse 

communication

Common Thread in Previous Works:
Sparse Model-Averaging

What else? 27



Lian, X. et al., Can Decentralized Algorithms Outperform Centralized Algorithms?, In NeurIPS 2017 (oral)

§ Periodic Averaging SGD / Local SGD
Stich, S.U., Local SGD Converges Fast and Communicates Little, In ICLR 2019

§ Elastic Averaging SGD
Zhang, S. et al., Deep Learning with Elastic Averaging SGD, In NeurIPS 2015

§ Decentralized Parallel SGD

Temporal-sparse 

communication

Spatial-sparse 

communication

Limited in convex case; 

Has strong bounded gradient assumption

Limited in quadratic case

Only for 𝝉 = 1 

Common Thread in Previous Works:
Sparse Model-Averaging

What else? 28



Our Solution: Cooperative SGD

A General Framework for

§ Design

§ Analysis

of communication-efficient distributed SGD algorithms

29



Key Elements in Cooperative SGD Framework
§ Workers have different local model versions

Xk =[x(1)
k , . . . ,x(m)

k , z(1)k , . . . , z(v)k ]

§ Local updates at m workers, no updates to auxiliary variables

Gk =
h
g(x(1)

k ), . . . , g(x(m)
k ),0, . . . ,0

i

§ Synchronization matrix

Wk =

(
W, k mod ⌧ = 0

I(m+v)⇥(m+v), otherwise
.

mixing matrix (spatial-sparsity)

Communication period 
(temporal-sparsity)

Xk+1 = (Xk � ⌘Gk)WkUpdate Rule

Anchor models in EASGD

30



Previous Algorithms Are Just Special Cases

A(⌧,W, v)
Communication period 

(temporal-sparsity)

mixing matrix (spatial-sparsity)

# of auxiliary variables

§ Periodic Averaging SGD / Local SGD

§ Elastic Averaging SGD

§ Decentralized Parallel SGD

§ Fully Synchronous SGD

A(1,W, 0)

A(1,11T /m, 0)

A(⌧,11T /m, 0)

Many more algorithms can be designed by varying hyper-parameters!

A(⌧,W↵, 1)
<latexit sha1_base64="WZJF7lFqn+F4EYTwFtpC07wpzP0=">AAACEHicbVDLSsNAFJ34rPVVdelmsIgVSkmqYJcVNy4r2Ac0IdxMJ+3QyYOZiVBCP8GNv+LGhSJuXbrzb5y0WWjrgQuHc+7l3nu8mDOpTPPbWFldW9/YLGwVt3d29/ZLB4cdGSWC0DaJeCR6HkjKWUjbiilOe7GgEHicdr3xTeZ3H6iQLArv1SSmTgDDkPmMgNKSWzqzA1AjAjy9nlZsBUkVzxTPT7tT1wYej6CKrXO3VDZr5gx4mVg5KaMcLbf0ZQ8ikgQ0VISDlH3LjJWTglCMcDot2omkMZAxDGlf0xACKp109tAUn2plgP1I6AoVnqm/J1IIpJwEnu7MjpWLXib+5/UT5TeclIVxomhI5ov8hGMV4SwdPGCCEsUnmgARTN+KyQgEEKUzLOoQrMWXl0mnXrMuavW7y3KzkcdRQMfoBFWQha5QE92iFmojgh7RM3pFb8aT8WK8Gx/z1hUjnzlCf2B8/gCOWpw4</latexit>
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Our Solution: Cooperative SGD

A General Framework for

§ Design

§ Analysis

of communication-efficient distributed SGD algorithms

Unified convergence analysis for all algorithms

32



(A1) Lipschitz smooth:

(A2) Unbiased gradient estimation:

(A3) Bounded variance:

Assumptions

krF (x)�rF (y)k  L kx� yk

E⇠|x[g(x; ⇠)] = rF (x)

E⇠|x

h
kg(x; ⇠)�rF (x)k2

i
 � krF (x)k2 + �2

Identical to sync. SGD analysis
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Assumptions (cont’d)
Constraints on mixing matrix

Cooperative SGD

mixing matrix

Requirements on mixing matrix:

§ Symmetric and doubly stochastic

Larger for sparser topology

Example:

W = I
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

§ Fully connected:

§ Ring topology:

§ Independent workers: ⇣ = 1
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W = J
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⇣ = 0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

0 < ⇣ < 1
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W = Wring
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Wk =

(
W if k mod ⌧ = 0

I otherwise

Xk+1 = [Xk � ⌘Gk]Wk

⇣ = max{|�2(W)|, |�m+v(W)|} < 1
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Preliminaries: Simplification of the Update Rule

Update rule:

Multiplying one vector on both sides,

Xk+1
1m+v

m+ v
= [Xk � ⌘Gk]Wk

1m+v

m+ v
<latexit sha1_base64="oWp5Tw/EmuLdBvw/d0bM5BVtf1c="></latexit>

Xk+1 = [Xk � ⌘Gk]Wk
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Because 𝑊% is stochastic= [Xk � ⌘Gk]
1m+v

m+ v
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Xk+1
1m+v

m+ v
= Xk

1m+v

m+ v
� ⌘Gk

1m+v

m+ v
<latexit sha1_base64="cdXrbY3mTar7+3PN69xkKpQvpyw="></latexit>

Vector-form updates:
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Preliminaries: Simplification of the Update Rule

Xk+1
1m+v

m+ v
= Xk

1m+v

m+ v
� ⌘Gk

1m+v

m+ v
<latexit sha1_base64="cdXrbY3mTar7+3PN69xkKpQvpyw="></latexit>

Vector-form updates:

Averaged model

uk+1

Averaged gradient

Update rule on average model:

1

m+ v

mX

i=1

g(x(i)
k ; ⇠(i)k )

uk+1 = uk � m

m+ v
⌘ ·

"
1

m

mX

i=1

g(x(i)
k ; ⇠(i)k )

#

Effective learning rate

⌘e↵
36



Preliminaries: Comparison to Fully Sync. SGD

§ Cooperative SGD uk+1 = uk � ⌘e↵ ·
"
1

m

mX

i=1

g(x(i)
k ; ⇠(i)k )

#

§ Fully sync. SGD xk+1 = xk � ⌘

"
1

m

mX

i=1

g(xk; ⇠
(i)
k )

#

The key differences:

§ local models are different! à Stochastic gradients are biased!
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Key Idea in the Proof

§ According to the Lipschitz smooth assumption (A1), we have

F (uk+1)� F (uk)  hrF (uk),uk+1 � uki+
L

2
kuk+1 � ukk2

§ Plugging in the update rule of cooperative SGD,

F (uk+1)� F (uk)  �⌘e↵

*
rF (uk),

1

m

mX

i=1

g(x(i)
k )

+
+

⌘2e↵L

2

wwwww
1

m

mX

i=1

g(x(i)
k )

wwwww

2

“Similarity”
Lower-bounded

“Noise”
Upper-bounded
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Fully sync SGD Error Network Error
“Price” pay for comm. reduction

E
"
1

K

KX

k=1

krF (uk)k2
#
 2[F (u1)� Finf]

⌘e↵K
+

⌘e↵L�2

m
+

L2

Km

KX

k=1

E
h
kXk(J� I)k2F

i

Optimization Error

§ Fully synchronization matrix:

§ represents the averaged model

Recall that:

When learning rate is fixed and satisfies certain constraints:

J =
11>

m

Key Idea in the Proof

XkJ = [uk,uk, . . . ,uk]
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Main Result: Discrepancies Among
Local Models Hurt Convergence.

Fully sync SGD Error Network Error
“Price” pay for comm. reduction

Optimization Error

§ Sparsity of comm. Topology

§ Communication period 

Recall that:

When learning rate is fixed and satisfies certain constraints:

E
"
1

K

KX

k=1

krF (uk)k2
#
 2[F (u1)� Finf]

⌘e↵K
+

⌘e↵L�2

m
+ ⌘2L2�2

✓
1 + ⇣2

1� ⇣2
⌧ � 1

◆

⇣

⌧
v = 0, ⇣ = 0, ⌧ = 1
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Recover Synchronous SGD:

Network error = 0
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Advantages of Cooperative SGD
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Change x-axis

Relax synchronization among local models may increase the convergence error

But it can significantly reduce the communication overhead
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Novel Analyses of Existing Algorithms

Periodic Averaging SGD:

§ Additional network error is proportional to 𝝉 − 𝟏 instead of 𝝉𝟐

Elastic Averaging SGD:

§ The first convergence analysis on non-convex objectives

§ We show that there is a best value of elasticity parameter 𝜶which can yields 

lowest error floor at convergence

§ Rely on strong bounded gradient assumption.

§ Only for quadratic case.
§ Strong assumptions.

A(⌧,W↵, 1)

A(⌧,11T /m, 0)
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Elastic Averaging SGD:

§ By non-blocking execution, it achieves nearly 3x speedup over the blocking 

counterpart.
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Novel Analyses of Existing Algorithms
§ Only use periodic avg. strategy
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Conclusions

§ Instead of averaging gradient, average local models

§ Local models can be synchronized infrequently or in a sparse way

A general framework for the design and analysis of comm-efficient SGD!

A unified convergence analysis for non-convex objective functions!

§ Discrepancies among local models may hurt convergence

§ But the communication efficiency is significantly improved
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Thanks for attention!


