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Stochastic Gradient Descent
Stochastic gradient descent (SGD) is the 

backbone of ML, especially deep learning

Initial point

Empirical Risk

Mini-batch SGD

Stochastic gradient

F (x) =
1

N

NX

i=1

fi(x)
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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!

3

Extremely high-dimensional parameters

Extremely large training datasets



Execution pipeline:

1. Local stochastic gradients computation

worker 1

worker 2

worker m

…
…

x1

Wall-clock time

§ Blue arrows: gradient computation time

g(xk; ⇠
(i)
k ) =

1

|⇠(i)k |

X

j2⇠(i)k

rfj(xk)
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Gradient at k-th iteration and i-th worker:

Classic Method: Fully Synchronous SGD
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…
…

x1

Execution pipeline:

1. Local stochastic gradients computation

2. Average local models across all nodes

Wall-clock time

Co
m

m
un

ic
at
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x2

Parameter Server All-Reduceworker 1

worker 2

worker m

§ 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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Ideal:
11 iterations

Practice:
7 iterations…
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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
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…
…
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Communication is the Bottleneck in DNN Training
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It is critical to develop  communication-efficient distributed SGD

Wall-clock time

worker 1

worker 2

worker m

…
…

x1 x2 x3 x4

Communication is the Bottleneck in DNN Training
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Background: Communication-Efficient Training

Update rule of fully synchronous SGD (i.e., AllReduce SGD/AR-SGD)

Xk+1 = [Xk � ⌘Gk]J
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Xk = [x(1)
k ,x(2)

k , . . . ,x(m)
k ] 2 Rd⇥m
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Gk = [g(x(1)
k ; ⇠(1)k ), g(x(2)

k ; ⇠(2)k ), . . . , g(x(m)
k ; ⇠(m)

k )] 2 Rd⇥m
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After preform AllReduce operation (   ), all local models (columns in X) are the sameJ
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Is it necessary? Can we replace J by other matrices?

Local model at one node

Fully synchronization (AllReduce) matrix

Motivation



Background: Communication-Efficient Training

§ Reduce communication by allowing inconsistent local models

§ Let synchronization matrix      to be sparse: 

Key Ideas:

Example Algorithms

§ Local SGD: “temporal” sparse synchronization

o reduce the communication frequency

J
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Sk =

(
J k mod ⌧ = 0

I otherwise
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Xk+1 = [Xk � ⌘Gk]Sk
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Stich et al. Local SGD Converges Fast and Communicates little, in ICLR 2019;
Wang and Joshi. Cooperative SGD, in ICML CodML workshop 2019

Hao et al. Parallel Restarted SGD, in AAAI 2019



Background: Communication-Efficient Training

§ Reduce communication by allowing inconsistent local models

§ Let synchronization matrix      to be sparse: 

Key Ideas:

Example Algorithms

§ Stochastic Gradient Push: “spatial” sparse synchronization

o Only synchronize with one neighbor instead of all

J
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Xk+1 = [Xk � ⌘Gk]Sk
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Assran et al. Stochastic Gradient Push for Distributed Deep Learning, in ICML 2019

1 2

3 4
Iteration 1

1 2

3 4
Iteration 2

1 2

3 4
Iteration 3

x(1)
new =

1

2
(x(3) + x(1))
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Row-stochastic matrix

§ Elements on each row sum to 1

§ Each row has only two non-zero elements
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Row-stochastic matrix

§ Elements on each row sum to 1

§ Each row has only two non-zero elements

Local gradient step
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Row-stochastic matrix

§ Elements on each row sum to 1

§ Each row has only two non-zero elementsApproximate distributed averaging



Background: Communication-Efficient Training

§ Reduce communication by allowing inconsistent local models

§ Let synchronization matrix      to be sparse: 

Key Ideas:

Example Algorithms

§ Stochastic Gradient Push: “spatial” sparse synchronization

J
<latexit sha1_base64="42dJtw++PdIbQD3HBX76JgKs+FY="></latexit>

J ! Sk
<latexit sha1_base64="F944DU1vBspe/ZO1xy/PtBDuQaM="></latexit>

Xk+1 = [Xk � ⌘Gk]Sk
<latexit sha1_base64="8YRAOyGg8nUPlKZa3zYlSc86DWU="></latexit>

Assran et al. Stochastic Gradient Push for Distributed Deep Learning, in ICML 2019

Row-stochastic matrix

§ Elements on each row sum to 1

§ Each row has only two non-zero elementsApproximate distributed averaging
Bounded disagreement
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Row-stochastic matrix

§ Elements on each row sum to 1

§ Each row has only two non-zero elements

Disagreement provably 

converges to 0
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Algorithm # handshakes Transferred data size

AR-SGD O(m) or O(log m) O(1)

SGP O(1) O(1)

Row-stochastic matrix

§ Elements on each row sum to 1

§ Each row has only two non-zero elements



§ Local momentum Scheme:

o By default, SGP and Local SGD let workers maintain unsynchronized local 

momentum buffers

§ Double-Averaging Scheme: [Yu et al. ICML 2019]

o Average momentum buffers as well as model parameters

o Doubled/tripled communication cost

Distributed Momentum Scheme
The momentum scheme for communication-efficient training 

methods have not been formally studied

Algorithm Time/iteration Best Validation Acc.

AR-SGD 420 ms 76.00%

SGP 304 ms 75.15%

SGP-double-avg 402 ms 75.54%

Local SGD 294 ms 69.94%

Reset50, ImageNet Training

§ 8k mini-batch size

§ 10Gbps Ethernet



We propose Slow Momentum (SlowMo):

A Novel Distributed Momentum Scheme

§ Improve performance of communication-efficient distributed SGD

§ Negligible additional overhead

§ Convergence guarantee for non-convex loss functions

A General Framework

§ Can be applied on top of various distributed optimizers, such as 

SGP, Overlap-SGP, Local SGD, D-PSGD, etc.



Our Solution: Slow Momentum (SlowMo)

𝜏 steps of base 
optimizer

Step 1

starting from          , perform multiple steps of base optimizer

§ Base optimizer can have local momentum --> two-layer momentum

§ Base optimizer can be SGP, Local SGD, D-PSGD, etc.

xt,0
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xt,0
<latexit sha1_base64="3ylTb1/B+KHyWACO8n/LLrifrh0=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwISWpBV0W3LisYB/QhjCZTtqhk0mYuSmWkD9x40IRt/6JO//GaZuFth4YOJxzL/fMCRLBNTjOt1Xa2Nza3invVvb2Dw6P7OOTjo5TRVmbxiJWvYBoJrhkbeAgWC9RjESBYN1gcjf3u1OmNI/lI8wS5kVkJHnIKQEj+bY9iAiMgzB7yv0Mrpzct6tOzVkArxO3IFVUoOXbX4NhTNOISaCCaN13nQS8jCjgVLC8Mkg1SwidkBHrGypJxLSXLZLn+MIoQxzGyjwJeKH+3shIpPUsCszkPKde9ebif14/hfDWy7hMUmCSLg+FqcAQ43kNeMgVoyBmhhCquMmK6ZgoQsGUVTEluKtfXiedes29rtUfGtVmo6ijjM7QObpELrpBTXSPWqiNKJqiZ/SK3qzMerHerY/laMkqdk7RH1ifP7KNk6Y=</latexit>

xt,⌧
<latexit sha1_base64="5LvwuOHPq56LIR4X6I4SCMRr5Hw=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgupCS1oMuCG5cV7APaECbTSTt0MgkzN2II8VfcuFDErR/izr9x0mahrQcGDufcyz1z/JgzBbb9baytb2xubVd2qrt7+weH5tFxT0WJJLRLIh7JgY8V5UzQLjDgdBBLikOf074/uyn8/gOVikXiHtKYuiGeCBYwgkFLnlkbhRimfpA95l4GFyPASe6Zdbthz2GtEqckdVSi45lfo3FEkpAKIBwrNXTsGNwMS2CE07w6ShSNMZnhCR1qKnBIlZvNw+fWmVbGVhBJ/QRYc/X3RoZDpdLQ15NFVLXsFeJ/3jCB4NrNmIgToIIsDgUJtyCyiiasMZOUAE81wUQyndUiUywxAd1XVZfgLH95lfSaDeey0bxr1dutso4KOkGn6Bw56Aq10S3qoC4iKEXP6BW9GU/Gi/FufCxG14xyp4b+wPj8AW32lTo=</latexit>

Step 2

Average all local models and obtain

Treat                                    as a pseudo-gradient for 

xt,⌧
<latexit sha1_base64="5LvwuOHPq56LIR4X6I4SCMRr5Hw=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgupCS1oMuCG5cV7APaECbTSTt0MgkzN2II8VfcuFDErR/izr9x0mahrQcGDufcyz1z/JgzBbb9baytb2xubVd2qrt7+weH5tFxT0WJJLRLIh7JgY8V5UzQLjDgdBBLikOf074/uyn8/gOVikXiHtKYuiGeCBYwgkFLnlkbhRimfpA95l4GFyPASe6Zdbthz2GtEqckdVSi45lfo3FEkpAKIBwrNXTsGNwMS2CE07w6ShSNMZnhCR1qKnBIlZvNw+fWmVbGVhBJ/QRYc/X3RoZDpdLQ15NFVLXsFeJ/3jCB4NrNmIgToIIsDgUJtyCyiiasMZOUAE81wUQyndUiUywxAd1XVZfgLH95lfSaDeey0bxr1dutso4KOkGn6Bw56Aq10S3qoC4iKEXP6BW9GU/Gi/FufCxG14xyp4b+wPj8AW32lTo=</latexit>

1

�t
(xt,0 � xt,⌧ )

<latexit sha1_base64="utERzOatxQw3uDRdmguE81zhKq0=">AAACI3icbVBNS8NAEN34WetX1aOXxSIoaElqQfFU8OJRwdpCU8Jku6mLu0nYnYgl5L948a948aAULx78L25rD349GHi8N8PMvDCVwqDrvjszs3PzC4ulpfLyyuraemVj89okmWa8xRKZ6E4IhksR8xYKlLyTag4qlLwd3p6N/fYd10Yk8RUOU95TMIhFJBiglYLKqR9pYLlX5P4AlIIAiz1fAd6EUX5fBDkeuAU9pD8lHyEr9oNK1a25E9C/xJuSKpniIqiM/H7CMsVjZBKM6Xpuir0cNAomeVH2M8NTYLcw4F1LY1Dc9PLJjwXdtUqfRom2FSOdqN8nclDGDFVoO8e3mt/eWPzP62YYnfRyEacZ8ph9LYoySTGh48BoX2jOUA4tAaaFvZWyG7ChoY21bEPwfr/8l1zXa95RrX7ZqDYb0zhKZJvskD3ikWPSJOfkgrQIIw/kibyQV+fReXZGzttX64wzndkiP+B8fAI44KUu</latexit>

xt,0
<latexit sha1_base64="3ylTb1/B+KHyWACO8n/LLrifrh0=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwISWpBV0W3LisYB/QhjCZTtqhk0mYuSmWkD9x40IRt/6JO//GaZuFth4YOJxzL/fMCRLBNTjOt1Xa2Nza3invVvb2Dw6P7OOTjo5TRVmbxiJWvYBoJrhkbeAgWC9RjESBYN1gcjf3u1OmNI/lI8wS5kVkJHnIKQEj+bY9iAiMgzB7yv0Mrpzct6tOzVkArxO3IFVUoOXbX4NhTNOISaCCaN13nQS8jCjgVLC8Mkg1SwidkBHrGypJxLSXLZLn+MIoQxzGyjwJeKH+3shIpPUsCszkPKde9ebif14/hfDWy7hMUmCSLg+FqcAQ43kNeMgVoyBmhhCquMmK6ZgoQsGUVTEluKtfXiedes29rtUfGtVmo6ijjM7QObpELrpBTXSPWqiNKJqiZ/SK3qzMerHerY/laMkqdk7RH1ifP7KNk6Y=</latexit>

Step 3

Update slow momentum buffer

Update initial point

§ ”Slow” because updated after every 𝜏 steps 

ut+1 = �ut +
1

�t
(xt,0 � xt,⌧ )

<latexit sha1_base64="CWtBUX1b5XWCP6B889w1Ep/yx1E="></latexit>

xt+1,0 = xt,0 � ↵�tut+1
<latexit sha1_base64="Yg6ZmgFmcshJ0bifA2J6YNZQs5k=">AAACMXicbVDLSsNAFJ34tr6qLt0MFkFQS6KCbgTBTZcKVoWmhJvppB2cScLMjVhCfsmNfyJuulDErT/hpC3i68DA4ZxzmXtPmEph0HUHzsTk1PTM7Nx8ZWFxaXmlurp2ZZJMM95kiUz0TQiGSxHzJgqU/CbVHFQo+XV4e1b613dcG5HEl9hPeVtBNxaRYIBWCqoNXwH2wii/L4Icd7xdt6An9IdYSnvUB5n2gPpdUAoC/Ipko7kiqNbcujsE/Uu8MamRMc6D6pPfSVimeIxMgjEtz02xnYNGwSQvKn5meArsFrq8ZWkMipt2Pry4oFtW6dAo0fbFSIfq94kclDF9Fdpkuaf57ZXif14rw+i4nYs4zZDHbPRRlEmKCS3rox2hOUPZtwSYFnZXynqggaEtuWJL8H6f/Jdc7de9g/r+xWHt9HBcxxzZIJtkm3jkiJySBjknTcLIA3kmL+TVeXQGzpvzPopOOOOZdfIDzscnblOptw==</latexit>

��tut
<latexit sha1_base64="kPjLWS9Nhnm87yABkarC5ITgDVo=">AAACAnicbVBNS8NAEN3Ur1q/qp7ES7AInkpSC3osePFYwX5AU8Jku2mX7iZhdyKUULz4V7x4UMSrv8Kb/8ZN24O2Phh4vDfDzLwgEVyj43xbhbX1jc2t4nZpZ3dv/6B8eNTWcaooa9FYxKobgGaCR6yFHAXrJoqBDATrBOOb3O88MKV5HN3jJGF9CcOIh5wCGskvn3gBQ/CGICX46EnAURBm6dRHv1xxqs4M9ipxF6RCFmj65S9vENNUsgipAK17rpNgPwOFnAo2LXmpZgnQMQxZz9AIJNP9bPbC1D43ysAOY2UqQnum/p7IQGo9kYHpzG/Uy14u/uf1Ugyv+xmPkhRZROeLwlTYGNt5HvaAK0ZRTAwBqri51aYjUEDRpFYyIbjLL6+Sdq3qXlZrd/VKo76Io0hOyRm5IC65Ig1yS5qkRSh5JM/klbxZT9aL9W59zFsL1mLmmPyB9fkDE3CX0w==</latexit>

xt+1,0
<latexit sha1_base64="IIFpsog66zJaigwqnBYvH1J9iVA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIsgKCWpBV0W3LisYB/QhjCZTtqhk0mYmUhLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1Ha2Nza3invVvb2Dw6PzONqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9C73e09ESBrxRzWPiRuiMacBxUhpyTOrwxCpiR+ks8xL1aVzZWeeWbPr9gLWOnEKUoMCbc/8Go4inISEK8yQlAPHjpWbIqEoZiSrDBNJYoSnaEwGmnIUEummi+yZda6VkRVEQj+urIX6eyNFoZTz0NeTeVK56uXif94gUcGtm1IeJ4pwvDwUJMxSkZUXYY2oIFixuSYIC6qzWniCBMJK11XRJTirX14n3Ubdua43Hpq1VrOoowyncAYX4MANtOAe2tABDDN4hld4MzLjxXg3PpajJaPYOYE/MD5/AJSnlBY=</latexit>



Our Solution: Slow Momentum (SlowMo)

𝜏 steps of base 
optimizer

Step 1

starting from          , perform multiple steps of base optimizer

§ Base optimizer can have local momentum --> two-layer momentum

§ Base optimizer can be SGP, Local SGD, D-PSGD, etc.

xt,0
<latexit sha1_base64="3ylTb1/B+KHyWACO8n/LLrifrh0=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwISWpBV0W3LisYB/QhjCZTtqhk0mYuSmWkD9x40IRt/6JO//GaZuFth4YOJxzL/fMCRLBNTjOt1Xa2Nza3invVvb2Dw6P7OOTjo5TRVmbxiJWvYBoJrhkbeAgWC9RjESBYN1gcjf3u1OmNI/lI8wS5kVkJHnIKQEj+bY9iAiMgzB7yv0Mrpzct6tOzVkArxO3IFVUoOXbX4NhTNOISaCCaN13nQS8jCjgVLC8Mkg1SwidkBHrGypJxLSXLZLn+MIoQxzGyjwJeKH+3shIpPUsCszkPKde9ebif14/hfDWy7hMUmCSLg+FqcAQ43kNeMgVoyBmhhCquMmK6ZgoQsGUVTEluKtfXiedes29rtUfGtVmo6ijjM7QObpELrpBTXSPWqiNKJqiZ/SK3qzMerHerY/laMkqdk7RH1ifP7KNk6Y=</latexit>

xt,0
<latexit sha1_base64="3ylTb1/B+KHyWACO8n/LLrifrh0=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwISWpBV0W3LisYB/QhjCZTtqhk0mYuSmWkD9x40IRt/6JO//GaZuFth4YOJxzL/fMCRLBNTjOt1Xa2Nza3invVvb2Dw6P7OOTjo5TRVmbxiJWvYBoJrhkbeAgWC9RjESBYN1gcjf3u1OmNI/lI8wS5kVkJHnIKQEj+bY9iAiMgzB7yv0Mrpzct6tOzVkArxO3IFVUoOXbX4NhTNOISaCCaN13nQS8jCjgVLC8Mkg1SwidkBHrGypJxLSXLZLn+MIoQxzGyjwJeKH+3shIpPUsCszkPKde9ebif14/hfDWy7hMUmCSLg+FqcAQ43kNeMgVoyBmhhCquMmK6ZgoQsGUVTEluKtfXiedes29rtUfGtVmo6ijjM7QObpELrpBTXSPWqiNKJqiZ/SK3qzMerHerY/laMkqdk7RH1ifP7KNk6Y=</latexit>

xt,⌧
<latexit sha1_base64="5LvwuOHPq56LIR4X6I4SCMRr5Hw=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgupCS1oMuCG5cV7APaECbTSTt0MgkzN2II8VfcuFDErR/izr9x0mahrQcGDufcyz1z/JgzBbb9baytb2xubVd2qrt7+weH5tFxT0WJJLRLIh7JgY8V5UzQLjDgdBBLikOf074/uyn8/gOVikXiHtKYuiGeCBYwgkFLnlkbhRimfpA95l4GFyPASe6Zdbthz2GtEqckdVSi45lfo3FEkpAKIBwrNXTsGNwMS2CE07w6ShSNMZnhCR1qKnBIlZvNw+fWmVbGVhBJ/QRYc/X3RoZDpdLQ15NFVLXsFeJ/3jCB4NrNmIgToIIsDgUJtyCyiiasMZOUAE81wUQyndUiUywxAd1XVZfgLH95lfSaDeey0bxr1dutso4KOkGn6Bw56Aq10S3qoC4iKEXP6BW9GU/Gi/FufCxG14xyp4b+wPj8AW32lTo=</latexit>

Step 2

Average all local models and obtain

Treat                                    as a pseudo-gradient for 

xt,⌧
<latexit sha1_base64="5LvwuOHPq56LIR4X6I4SCMRr5Hw=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgupCS1oMuCG5cV7APaECbTSTt0MgkzN2II8VfcuFDErR/izr9x0mahrQcGDufcyz1z/JgzBbb9baytb2xubVd2qrt7+weH5tFxT0WJJLRLIh7JgY8V5UzQLjDgdBBLikOf074/uyn8/gOVikXiHtKYuiGeCBYwgkFLnlkbhRimfpA95l4GFyPASe6Zdbthz2GtEqckdVSi45lfo3FEkpAKIBwrNXTsGNwMS2CE07w6ShSNMZnhCR1qKnBIlZvNw+fWmVbGVhBJ/QRYc/X3RoZDpdLQ15NFVLXsFeJ/3jCB4NrNmIgToIIsDgUJtyCyiiasMZOUAE81wUQyndUiUywxAd1XVZfgLH95lfSaDeey0bxr1dutso4KOkGn6Bw56Aq10S3qoC4iKEXP6BW9GU/Gi/FufCxG14xyp4b+wPj8AW32lTo=</latexit>

1

�t
(xt,0 � xt,⌧ )

<latexit sha1_base64="utERzOatxQw3uDRdmguE81zhKq0=">AAACI3icbVBNS8NAEN34WetX1aOXxSIoaElqQfFU8OJRwdpCU8Jku6mLu0nYnYgl5L948a948aAULx78L25rD349GHi8N8PMvDCVwqDrvjszs3PzC4ulpfLyyuraemVj89okmWa8xRKZ6E4IhksR8xYKlLyTag4qlLwd3p6N/fYd10Yk8RUOU95TMIhFJBiglYLKqR9pYLlX5P4AlIIAiz1fAd6EUX5fBDkeuAU9pD8lHyEr9oNK1a25E9C/xJuSKpniIqiM/H7CMsVjZBKM6Xpuir0cNAomeVH2M8NTYLcw4F1LY1Dc9PLJjwXdtUqfRom2FSOdqN8nclDGDFVoO8e3mt/eWPzP62YYnfRyEacZ8ph9LYoySTGh48BoX2jOUA4tAaaFvZWyG7ChoY21bEPwfr/8l1zXa95RrX7ZqDYb0zhKZJvskD3ikWPSJOfkgrQIIw/kibyQV+fReXZGzttX64wzndkiP+B8fAI44KUu</latexit>

xt,0
<latexit sha1_base64="3ylTb1/B+KHyWACO8n/LLrifrh0=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwISWpBV0W3LisYB/QhjCZTtqhk0mYuSmWkD9x40IRt/6JO//GaZuFth4YOJxzL/fMCRLBNTjOt1Xa2Nza3invVvb2Dw6P7OOTjo5TRVmbxiJWvYBoJrhkbeAgWC9RjESBYN1gcjf3u1OmNI/lI8wS5kVkJHnIKQEj+bY9iAiMgzB7yv0Mrpzct6tOzVkArxO3IFVUoOXbX4NhTNOISaCCaN13nQS8jCjgVLC8Mkg1SwidkBHrGypJxLSXLZLn+MIoQxzGyjwJeKH+3shIpPUsCszkPKde9ebif14/hfDWy7hMUmCSLg+FqcAQ43kNeMgVoyBmhhCquMmK6ZgoQsGUVTEluKtfXiedes29rtUfGtVmo6ijjM7QObpELrpBTXSPWqiNKJqiZ/SK3qzMerHerY/laMkqdk7RH1ifP7KNk6Y=</latexit>

Step 3

Update slow momentum buffer

Update initial point

§ ”Slow” because updated after every 𝜏 steps 

ut+1 = �ut +
1

�t
(xt,0 � xt,⌧ )

<latexit sha1_base64="CWtBUX1b5XWCP6B889w1Ep/yx1E="></latexit>

xt+1,0 = xt,0 � ↵�tut+1
<latexit sha1_base64="Yg6ZmgFmcshJ0bifA2J6YNZQs5k=">AAACMXicbVDLSsNAFJ34tr6qLt0MFkFQS6KCbgTBTZcKVoWmhJvppB2cScLMjVhCfsmNfyJuulDErT/hpC3i68DA4ZxzmXtPmEph0HUHzsTk1PTM7Nx8ZWFxaXmlurp2ZZJMM95kiUz0TQiGSxHzJgqU/CbVHFQo+XV4e1b613dcG5HEl9hPeVtBNxaRYIBWCqoNXwH2wii/L4Icd7xdt6An9IdYSnvUB5n2gPpdUAoC/Ipko7kiqNbcujsE/Uu8MamRMc6D6pPfSVimeIxMgjEtz02xnYNGwSQvKn5meArsFrq8ZWkMipt2Pry4oFtW6dAo0fbFSIfq94kclDF9Fdpkuaf57ZXif14rw+i4nYs4zZDHbPRRlEmKCS3rox2hOUPZtwSYFnZXynqggaEtuWJL8H6f/Jdc7de9g/r+xWHt9HBcxxzZIJtkm3jkiJySBjknTcLIA3kmL+TVeXQGzpvzPopOOOOZdfIDzscnblOptw==</latexit>

��tut
<latexit sha1_base64="kPjLWS9Nhnm87yABkarC5ITgDVo=">AAACAnicbVBNS8NAEN3Ur1q/qp7ES7AInkpSC3osePFYwX5AU8Jku2mX7iZhdyKUULz4V7x4UMSrv8Kb/8ZN24O2Phh4vDfDzLwgEVyj43xbhbX1jc2t4nZpZ3dv/6B8eNTWcaooa9FYxKobgGaCR6yFHAXrJoqBDATrBOOb3O88MKV5HN3jJGF9CcOIh5wCGskvn3gBQ/CGICX46EnAURBm6dRHv1xxqs4M9ipxF6RCFmj65S9vENNUsgipAK17rpNgPwOFnAo2LXmpZgnQMQxZz9AIJNP9bPbC1D43ysAOY2UqQnum/p7IQGo9kYHpzG/Uy14u/uf1Ugyv+xmPkhRZROeLwlTYGNt5HvaAK0ZRTAwBqri51aYjUEDRpFYyIbjLL6+Sdq3qXlZrd/VKo76Io0hOyRm5IC65Ig1yS5qkRSh5JM/klbxZT9aL9W59zFsL1mLmmPyB9fkDE3CX0w==</latexit>

xt+1,0
<latexit sha1_base64="IIFpsog66zJaigwqnBYvH1J9iVA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIsgKCWpBV0W3LisYB/QhjCZTtqhk0mYmUhLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1Ha2Nza3invVvb2Dw6PzONqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9C73e09ESBrxRzWPiRuiMacBxUhpyTOrwxCpiR+ks8xL1aVzZWeeWbPr9gLWOnEKUoMCbc/8Go4inISEK8yQlAPHjpWbIqEoZiSrDBNJYoSnaEwGmnIUEummi+yZda6VkRVEQj+urIX6eyNFoZTz0NeTeVK56uXif94gUcGtm1IeJ4pwvDwUJMxSkZUXYY2oIFixuSYIC6qzWniCBMJK11XRJTirX14n3Ubdua43Hpq1VrOoowyncAYX4MANtOAe2tABDDN4hld4MzLjxXg3PpajJaPYOYE/MD5/AJSnlBY=</latexit>

↵
<latexit sha1_base64="8L9NXYa2AgcuzWEQHXE7C1p+3DY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY8FLx4r2A9oQ5lsN+3azSbsboQS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUUdaisYhVN0DNBJesZbgRrJsohlEgWCeY3M79zhNTmsfywUwT5kc4kjzkFI2V2n0UyRgH5YpbdRcg68TLSQVyNAflr/4wpmnEpKECte55bmL8DJXhVLBZqZ9qliCd4Ij1LJUYMe1ni2tn5MIqQxLGypY0ZKH+nsgw0noaBbYzQjPWq95c/M/rpSa88TMuk9QwSZeLwlQQE5P562TIFaNGTC1Bqri9ldAxKqTGBlSyIXirL6+Tdq3qXVVr9/VKo57HUYQzOIdL8OAaGnAHTWgBhUd4hld4c2LnxXl3PpatBSefOYU/cD5/AIiZjw4=</latexit> Global learning rate

�
<latexit sha1_base64="+BBLL3+9+JhqWuKscRAD1V3v1t8=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkt6LHgxWMF0xbaUDbbTbt0swm7E6GE/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvTKUw6Lrfzsbm1vbObmmvvH9weHRcOTltmyTTjPsskYnuhtRwKRT3UaDk3VRzGoeSd8LJ3dzvPHFtRKIecZryIKYjJSLBKFrJ74cc6aBSdWvuAmSdeAWpQoHWoPLVHyYsi7lCJqkxPc9NMcipRsEkn5X7meEpZRM64j1LFY25CfLFsTNyaZUhiRJtSyFZqL8nchobM41D2xlTHJtVby7+5/UyjG6DXKg0Q67YclGUSYIJmX9OhkJzhnJqCWVa2FsJG1NNGdp8yjYEb/XlddKu17zrWv2hUW02ijhKcA4XcAUe3EAT7qEFPjAQ8Ayv8OYo58V5dz6WrRtOMXMGf+B8/gDA7o6a</latexit>

Slow momentum factor

A(↵,�, ⌧, optimizer)
<latexit sha1_base64="uJESboFiItdQ8QOkQmfBkv4v/14=">AAACGHicbVDLSgNBEJz1GeMr6tHLYhAUJO5GwRwjXjxGMCaQXULvpNcMzj6Y6RXjks/w4q948aCI19z8GycxB18F0xRV3fR0BakUmhznw5qZnZtfWCwsFZdXVtfWSxubVzrJFMcmT2Si2gFolCLGJgmS2E4VQhRIbAU3Z2O/dYtKiyS+pEGKfgTXsQgFBzJSt3ToRUB9DjI/He55INM+HHgBkqkEmSl4R3mSkojEParhfrdUdirOBPZf4k5JmU3R6JZGXi/hWYQxcQlad1wnJT8HRYJLHBa9TGMK/AausWNoDBFqP58cNrR3jdKzw0SZF5M9Ub9P5BBpPYgC0zk+Q//2xuJ/XiejsObnIk4zwph/LQozaVNij1Oye0IhJzkwBLgS5q8274MCTibLognB/X3yX3JVrbhHlerFcblem8ZRYNtsh+0xl52wOjtnDdZknD2wJ/bCXq1H69l6s96/Wmes6cwW+wFr9Amb0aC7</latexit>

⌧
<latexit sha1_base64="U7rkTR0Ku4WEXOjBEe1+xGAlVsA="></latexit> Sync. Period



Design Choice: Buffer Strategies in SlowMo

𝜏 steps of base 
optimizer

xt,0
<latexit sha1_base64="3ylTb1/B+KHyWACO8n/LLrifrh0=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwISWpBV0W3LisYB/QhjCZTtqhk0mYuSmWkD9x40IRt/6JO//GaZuFth4YOJxzL/fMCRLBNTjOt1Xa2Nza3invVvb2Dw6P7OOTjo5TRVmbxiJWvYBoJrhkbeAgWC9RjESBYN1gcjf3u1OmNI/lI8wS5kVkJHnIKQEj+bY9iAiMgzB7yv0Mrpzct6tOzVkArxO3IFVUoOXbX4NhTNOISaCCaN13nQS8jCjgVLC8Mkg1SwidkBHrGypJxLSXLZLn+MIoQxzGyjwJeKH+3shIpPUsCszkPKde9ebif14/hfDWy7hMUmCSLg+FqcAQ43kNeMgVoyBmhhCquMmK6ZgoQsGUVTEluKtfXiedes29rtUfGtVmo6ijjM7QObpELrpBTXSPWqiNKJqiZ/SK3qzMerHerY/laMkqdk7RH1ifP7KNk6Y=</latexit>

xt,⌧
<latexit sha1_base64="5LvwuOHPq56LIR4X6I4SCMRr5Hw=">AAAB/HicbVDLSsNAFJ34rPUV7dJNsAgupCS1oMuCG5cV7APaECbTSTt0MgkzN2II8VfcuFDErR/izr9x0mahrQcGDufcyz1z/JgzBbb9baytb2xubVd2qrt7+weH5tFxT0WJJLRLIh7JgY8V5UzQLjDgdBBLikOf074/uyn8/gOVikXiHtKYuiGeCBYwgkFLnlkbhRimfpA95l4GFyPASe6Zdbthz2GtEqckdVSi45lfo3FEkpAKIBwrNXTsGNwMS2CE07w6ShSNMZnhCR1qKnBIlZvNw+fWmVbGVhBJ/QRYc/X3RoZDpdLQ15NFVLXsFeJ/3jCB4NrNmIgToIIsDgUJtyCyiiasMZOUAE81wUQyndUiUywxAd1XVZfgLH95lfSaDeey0bxr1dutso4KOkGn6Bw56Aq10S3qoC4iKEXP6BW9GU/Gi/FufCxG14xyp4b+wPj8AW32lTo=</latexit> ��tut

<latexit sha1_base64="kPjLWS9Nhnm87yABkarC5ITgDVo=">AAACAnicbVBNS8NAEN3Ur1q/qp7ES7AInkpSC3osePFYwX5AU8Jku2mX7iZhdyKUULz4V7x4UMSrv8Kb/8ZN24O2Phh4vDfDzLwgEVyj43xbhbX1jc2t4nZpZ3dv/6B8eNTWcaooa9FYxKobgGaCR6yFHAXrJoqBDATrBOOb3O88MKV5HN3jJGF9CcOIh5wCGskvn3gBQ/CGICX46EnAURBm6dRHv1xxqs4M9ipxF6RCFmj65S9vENNUsgipAK17rpNgPwOFnAo2LXmpZgnQMQxZz9AIJNP9bPbC1D43ysAOY2UqQnum/p7IQGo9kYHpzG/Uy14u/uf1Ugyv+xmPkhRZROeLwlTYGNt5HvaAK0ZRTAwBqri51aYjUEDRpFYyIbjLL6+Sdq3qXlZrd/VKo76Io0hOyRm5IC65Ig1yS5qkRSh5JM/klbxZT9aL9W59zFsL1mLmmPyB9fkDE3CX0w==</latexit>

xt+1,0
<latexit sha1_base64="IIFpsog66zJaigwqnBYvH1J9iVA=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIsgKCWpBV0W3LisYB/QhjCZTtqhk0mYmUhLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1Ha2Nza3invVvb2Dw6PzONqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9C73e09ESBrxRzWPiRuiMacBxUhpyTOrwxCpiR+ks8xL1aVzZWeeWbPr9gLWOnEKUoMCbc/8Go4inISEK8yQlAPHjpWbIqEoZiSrDBNJYoSnaEwGmnIUEummi+yZda6VkRVEQj+urIX6eyNFoZTz0NeTeVK56uXif94gUcGtm1IeJ4pwvDwUJMxSkZUXYY2oIFixuSYIC6qzWniCBMJK11XRJTirX14n3Ubdua43Hpq1VrOoowyncAYX4MANtOAe2tABDDN4hld4MzLjxXg3PpajJaPYOYE/MD5/AJSnlBY=</latexit>

When the base optimizer has momentum or other buffers

§ For example, use Adam as base optimizer

§ It has 1st-order and 2nd-order momen. buffers

After each global step, one can choose to

1. Reinitialize local buffers

2. Maintain local buffers

3. Synchronize local buffers (additional comm. cost)

Works best for Image Classification

Works best for Language Modeling



(A1) Lipschitz smooth:

(A2) Unbiased gradient estimation:

(A3) Bounded variance:

Convergence Analysis: Assumptions

24

krFi(x)�rFi(y)k  L kx� yk
<latexit sha1_base64="3//6WDB+O4s5FGdIT4a1m+afMtk="></latexit>

E⇠(i)|x[g(x; ⇠
(i))] = rFi(x)

<latexit sha1_base64="6ag1/25nUnlC7UqXHeJKxL07kQg="></latexit>

E⇠(i)|x

wwwg(x; ⇠(i))�rFi(x)
www

2
�
 �2

<latexit sha1_base64="S7WWxRDVUBxAam6Jfw2FOrSbas8="></latexit>



Convergence Analysis of SlowMo

25

A(↵,�, ⌧, optimizer)
<latexit sha1_base64="uJESboFiItdQ8QOkQmfBkv4v/14=">AAACGHicbVDLSgNBEJz1GeMr6tHLYhAUJO5GwRwjXjxGMCaQXULvpNcMzj6Y6RXjks/w4q948aCI19z8GycxB18F0xRV3fR0BakUmhznw5qZnZtfWCwsFZdXVtfWSxubVzrJFMcmT2Si2gFolCLGJgmS2E4VQhRIbAU3Z2O/dYtKiyS+pEGKfgTXsQgFBzJSt3ToRUB9DjI/He55INM+HHgBkqkEmSl4R3mSkojEParhfrdUdirOBPZf4k5JmU3R6JZGXi/hWYQxcQlad1wnJT8HRYJLHBa9TGMK/AausWNoDBFqP58cNrR3jdKzw0SZF5M9Ub9P5BBpPYgC0zk+Q//2xuJ/XiejsObnIk4zwph/LQozaVNij1Oye0IhJzkwBLgS5q8274MCTibLognB/X3yX3JVrbhHlerFcblem8ZRYNtsh+0xl52wOjtnDdZknD2wJ/bCXq1H69l6s96/Wmes6cwW+wFr9Amb0aC7</latexit>

The proposed algorithm can converge to a stationary point

1

K

T�1X
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K
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2

| {z }
Noise from inner optimizer

<latexit sha1_base64="tmNTqJ4awFf3kkXzvnZvxkJXkgQ="></latexit>

where

§ K: total iterations

§ m: number of worker nodes

§ F: objective function

Has already been shown in previous works

O(
m

K
)

<latexit sha1_base64="RaqdHd2bfdLcDjnRkzE9eJ62InY=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAR6qYktaDLghvBhRXsA5pSJtNJO3RmEmYmQglx46+4caGIW//CnX/jpM1CWw9cOJxzL/fe40eMKu0431ZhZXVtfaO4Wdra3tnds/cP2iqMJSYtHLJQdn2kCKOCtDTVjHQjSRD3Gen4k6vM7zwQqWgo7vU0In2ORoIGFCNtpIF95HGkxxix5DateIFEOOFpcpOeDeyyU3VmgMvEzUkZ5GgO7C9vGOKYE6ExQ0r1XCfS/QRJTTEjacmLFYkQnqAR6RkqECeqn8w+SOGpUYYwCKUpoeFM/T2RIK7UlPumM7tXLXqZ+J/Xi3Vw2U+oiGJNBJ4vCmIGdQizOOCQSoI1mxqCsKTmVojHyMSgTWglE4K7+PIyadeq7nm1dlcvN+p5HEVwDE5ABbjgAjTANWiCFsDgETyDV/BmPVkv1rv1MW8tWPnMIfgD6/MHsemW/w==</latexit>

If base optimizer converges, then SlowMo converges in the same rate
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A(↵,�, ⌧, optimizer)
<latexit sha1_base64="uJESboFiItdQ8QOkQmfBkv4v/14=">AAACGHicbVDLSgNBEJz1GeMr6tHLYhAUJO5GwRwjXjxGMCaQXULvpNcMzj6Y6RXjks/w4q948aCI19z8GycxB18F0xRV3fR0BakUmhznw5qZnZtfWCwsFZdXVtfWSxubVzrJFMcmT2Si2gFolCLGJgmS2E4VQhRIbAU3Z2O/dYtKiyS+pEGKfgTXsQgFBzJSt3ToRUB9DjI/He55INM+HHgBkqkEmSl4R3mSkojEParhfrdUdirOBPZf4k5JmU3R6JZGXi/hWYQxcQlad1wnJT8HRYJLHBa9TGMK/AausWNoDBFqP58cNrR3jdKzw0SZF5M9Ub9P5BBpPYgC0zk+Q//2xuJ/XiejsObnIk4zwph/LQozaVNij1Oye0IhJzkwBLgS5q8274MCTibLognB/X3yX3JVrbhHlerFcblem8ZRYNtsh+0xl52wOjtnDdZknD2wJ/bCXq1H69l6s96/Wmes6cwW+wFr9Amb0aC7</latexit>

The proposed algorithm can converge to a stationary point

1
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Noise from inner optimizer

<latexit sha1_base64="tmNTqJ4awFf3kkXzvnZvxkJXkgQ="></latexit>

where

§ K: total iterations

§ m: number of worker nodes

§ F: objective function

1. When total iterations is sufficiently large, the 

convergence rate will be dominated by

o Same rate as AR-SGD

2. Linear Speedup: more workers, less iterations

3. Changing hyper-parameters can improve constants 

but the rate remains the same

1/
p
mK

<latexit sha1_base64="NnbDZ0E7KA6usaAluOapPBLCU14="></latexit>

Convergence Analysis of SlowMo



Subsume Previous Algorithms as Special Cases
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A(0.5, 0, ⌧,AR-SGD)
<latexit sha1_base64="WeLaTBqd8qGxqC2iNJV36clWwyg=">AAACDnicbVDLTsJAFJ36RHxVXbppJCSYIGlRI0uIJrrEB48ECJkOA0yYPjJzayRNv8CNv+LGhca4de3Ov3EKXSh4kpmcnHNv7r3H9jmTYJrf2sLi0vLKamotvb6xubWt7+zWpRcIQmvE455o2lhSzlxaAwacNn1BsWNz2rBH57HfuKdCMs+9g7FPOw4euKzPCAYldfVs28EwJJiHlShnFk7zZr4NOFAffYCwcnN0e3kRHXb1jFkwJzDmiZWQDEpQ7epf7Z5HAoe6QDiWsmWZPnRCLIARTqN0O5DUx2SEB7SlqIsdKjvh5JzIyCqlZ/Q9oZ4LxkT93RFiR8qxY6vKeHk568Xif14rgH6pEzLXD4C6ZDqoH3ADPCPOxugxQQnwsSKYCKZ2NcgQC0xAJZhWIVizJ8+TerFgHReK1yeZcimJI4X20QHKIQudoTK6QlVUQwQ9omf0it60J+1Fe9c+pqULWtKzh/5A+/wBjEyaew==</latexit>

§ Lookahead 

Zhang et al., NeurIPS 2019, “Lookahead Optimizer: k steps 

forward, 1 step back”

§ Blockwise Model Update Filtering

Chen & Huo., ICASSP 2016, “Scalable training of deep 

learning machines by incremental block training with intra-

block parallel optimization and blockwise model-update 

filtering”

A(↵,�, ⌧,Local-SGD)
<latexit sha1_base64="56A/9ruZLoOh9FPg3ygWSX1+YYw=">AAACGHicbVDLSgNBEJz1bXxFPXpZDIKCxt0omKOioAcPisYEsiH0TjrJkNkHM71iWPIZXvwVLx4U8erNv3HyOKixYZqiupqeKj+WQpPjfFkTk1PTM7Nz85mFxaXllezq2p2OEsWxxCMZqYoPGqUIsUSCJFZihRD4Est+57Q/L9+j0iIKb6kbYy2AViiaggMZqp7d9wKgNgeZnvS2PZBxG3Y9H8l0gsQ0fKD0MjKCvZvzs95OPZtz8s6g7HHgjkCOjeqqnv30GhFPAgyJS9C66jox1VJQJLjEXsZLNMbAO9DCqoEhBKhr6cBYz94yTMNuRsq8kOwB+3MjhUDrbuAbZd+G/jvrk//Nqgk1i7VUhHFCGPLhoWYibYrsfkp2QyjkJLsGAFfC/NXmbVDAyWSZMSG4fy2Pg7tC3j3IF64Pc8fFURxzbINtsm3msiN2zC7YFSsxzh7ZM3tlb9aT9WK9Wx9D6YQ12llnv8r6/AYv45/O</latexit>

We provide the first convergence guarantee for these two 

algorithms under non-convex setting!

Global LR

Slow Momen.

Sync. Period



Empirical Results: Training Curves

ImageNet

§ ResNet-50

§ 32 NVIDIA DGX-1 servers

§ Mini-batch size: 8k
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WMT’16 En-De

WMT’16

§ Transformer

§ 8 NVIDIA DGX-1 servers

§ Mini-batch size: 200k
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CIFAR-10

CIFAR-10

§ ResNet-18

§ 32 NVIDIA V100 GPUs

§ Mini-batch size: 4k

↵ = 1,� = 0.7, ⌧ = 12
<latexit sha1_base64="RTfxb2ZUneHNXJf+ZjVJjfVBe4o="></latexit>

↵ = 1,� = 0.7, ⌧ = 48
<latexit sha1_base64="NDdMnvU/C6Bo21z5Jr2+BgFbnlU="></latexit>

↵ = 1,� = 0.7, ⌧ = 48
<latexit sha1_base64="NDdMnvU/C6Bo21z5Jr2+BgFbnlU="></latexit>

Faster Convergence, Better Validation Accuracy



Empirical Results: Validation Accuracy
Faster Convergence, Better Validation Accuracy

Base Optimizer Original w/ SlowMo

Local SGD 91.73 93.20

OSGP 93.17 93.74

SGP 93.90 94.32

ARSGD 92.66 -

CIFAR-10

Base Optimizer Original w/ SlowMo

Local SGD 69.94 73.24

OSGP 74.96 75.54

SGP 75.15 75.73

ARSGD 76.00 -

ImageNet

+1.5%
+0.6%
+0.4%

+3.3%
+0.6%
+0.6%



Empirical Results: Time / Iteration

Base 
Optimizer

Original w/ SlowMo

Local SGD 294 ms 282 ms

OSGP 271 ms 271 ms

SGP 304 ms 302 ms

ARSGD 402 ms -
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ImageNet

Base 
Optimizer

Original w/ SlowMo

Local Adam 503 ms 505 ms

SGP 1225 ms 1279 ms

ARSGD 1648 ms -

WMT’16 En-De

Negligible Additional Communication Cost

Effect of 𝝉
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How to set Hyper-parameters 𝜶, β?
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Parameter sweep on CIFAR-10 dataset:

§ Larger global LR is better

§ There is a best value of slow momentum

↵ = 1
<latexit sha1_base64="AqjQ/aWCKwzttaW1DXt6bpuLvXM="></latexit>

� 2 [0.4, 0.8]
<latexit sha1_base64="JMm7vzeA5t3mCi4diPBSx3p+6sw="></latexit>



Comparison with Double-Averaging Momentum

Algorithm Time/iteration Best Validation Acc.

AR-SGD 420 ms 76.00%

SGP 304 ms 75.15%

SGP-double-avg 402 ms 75.54%

SGP-SlowMO 302 ms 75.73%

[Yu et al. ICML 2019] proposes to average momentum buffers as well as 

model parameters

§ Doubled/tripled communication costs

SlowMo achieves higher accuracy using less time



Thanks for attention!
SlowMo: Improving Communication-Efficient Distributed SGD 

with Slow Momentum  arXiv: 1910.00643

Code will be available soon. More questions: jianyuw1@andrew.cmu.edu, 

https://arxiv.org/abs/1910.00643
http://Andrew.cmu.edu

