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Overview
• Motivations of Distributed ML

• Parallelism & Comm.Topologies
p Data parallelism (PS, all-reduce)
p Model parallelism
p Pipeline parallelism
p Hybrid parallelism

• Communication Bottlenecks & Solutions
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ImageNetTop-5
Error

Year

6.66%
5.98% 5.33%

5.1%

Human Labeler
Andrej Karpathy

2015

The era of AI

PReLU-nets
4.94%
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A Simplified ML Pipeline

Input Data

Training Model
predicted

label:
“dog”

Test (unseen) 
Data
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Training via SGD

- Idea (‘50s, ‘60s [Robbins, Monro], [Widrow, Hoff]): 
Sample a data point + locally optimize.

loss for data point i

SGD:

min
w

1

n

nX

i=1

`(w; zi)

wk+1 = wk � � ·r`(wk; zik)

However,
model can contain 1.75 trillion params [1].
+ data set can be of 400 million of data 

points [2]
[1] Wu Dao 2.0
[2] OpenAI CLIP

Training a ResNet-50 on ImageNet takes 2.5 days
on a single GPU

[EC2 P3.2xlarge (Tesla V100) + PyTorch]
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Distributed ModelTraining
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Overview
• Motivations of Distributed ML

• Parallelism & Comm. Topologies
p Data parallelism (PS, all-reduce)
p Model parallelism
p Pipeline parallelism
p Hybrid parallelism

• Communication Bottlenecks & Solutions
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Intro to Comm. Operations
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Ops1: Broadcast
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Ops2: Gather

Intro to Comm. Operations



Data-parallel mini-batch SGD
min
w

1

n

nX

i=1

`(w; zi)
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For iteration :<latexit sha1_base64="ENLs/iKnndkKDGomDApL41A4KVU=">AAACHXicbVDLSgMxFM3Ud31VXboJFsFVmZGirkR047KCfUCnlDtpxoZmMkNyRyjD/Igbf8WNC0VcuBH/xvSBaOuBwOGcc8m9J0ikMOi6X05hYXFpeWV1rbi+sbm1XdrZbZg41YzXWSxj3QrAcCkUr6NAyVuJ5hAFkjeDwdXIb95zbUSsbnGY8E4Ed0qEggFaqVuqYvHQjwD7DGR2mVPfpIHhSH+0Vm4DCgIJ1A81sCzP8m6p7FbcMeg88aakTKaodUsffi9macQVMgnGtD03wU4GGgWTPC/6qeEJsAHc8balCiJuOtn4upweWqVHw1jbp5CO1d8TGUTGDKPAJkdLm1lvJP7ntVMMzzqZUEmKXLHJR2EqKcZ0VBXtCc0ZyqElwLSwu1LWB9sB2kKLtgRv9uR50jiueCcV76Zavjif1rFK9skBOSIeOSUX5JrUSJ0w8kCeyAt5dR6dZ+fNeZ9EC850Zo/8gfP5DUoZohE=</latexit>

t

- Sample a mini-batch:
<latexit sha1_base64="xh2z+CirkFca5zSDEtRfkqC7f0c=">AAACJHicbVDLSsNAFJ34Nr6qLt0MloKrkoioIIjoxqWCfUBTys10ooOTSZi5EUqaj3Hjr7hx4QMXbvwWp7WCth4Y5nDOvdx7T5hKYdDzPpyp6ZnZufmFRXdpeWV1rbS+UTdJphmvsUQmuhmC4VIoXkOBkjdTzSEOJW+Et2cDv3HHtRGJusJeytsxXCsRCQZopU7pqIJuEAPeMJD5adFBGpgsNNz+P2qzcCuBglACDSINLPeLPOgH/aJTKntVbwg6SfwRKZMRLjql16CbsCzmCpkEY1q+l2I7B42CSV64QWZ4CuwWrnnLUgUxN+18eGRBK1bp0ijR9imkQ/V3Rw6xMb04tJWDzc24NxD/81oZRoftXKg0Q67Y96AokxQTOkiMdoXmDGXPEmBa2F0puwEbBNpcXRuCP37yJKnvVv39qn+5Vz45HsWxQLbINtkhPjkgJ+ScXJAaYeSePJJn8uI8OE/Om/P+XTrljHo2yR84n1/50aUL</latexit>

Bt ⇢ X

- Compute gradient:
<latexit sha1_base64="aAdsJR99mDL37DrknP+a4itzhLQ="></latexit>

r 1

|Bt|

|Bt|X

j=1

`(wt; zj)

<latexit sha1_base64="WAN+N6ziOhcRDTLyOnadmK2A5Sw="></latexit>

=
1

|Bt|

|Bt|X

j=1

r`(wt; zj)

<latexit sha1_base64="MGXxpsuy3vfK0QzcGmoWRR0L1ZQ="></latexit>

r`(wt; z1)
<latexit sha1_base64="cPYO/VKyfMFV1bEodbQuNuNwUlI="></latexit>

r`(wt; z2)
<latexit sha1_base64="TjCWFmvuO2eWYgZIM12ocdXgia8="></latexit>

r`(wt; z3)

<latexit sha1_base64="qX7xf3l1O12PYl5Y4Y1nbet+i68="></latexit>

X = {z1, · · · , zn}



GPUs compute gradients

parameter server (PS)

PS owns data, shares with GPUs

Data-parallel mini-batch SGD
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parameter server (PS)

Data Batches Assignment

Data-parallel mini-batch SGD

12



parameter server (PS)

Data-parallel mini-batch SGD

Model Broadcast
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rloss( , )
<latexit sha1_base64="dCD6lELzIEzHi2u/GlrM5FDA0JE=">AAACGnicbVBNSwMxEM36WetX1aOXYBEUpOxasXorevGoYLXQXUo2ndpgNrsks2JZ+ju8+Fe8eFDEm3jx35itRdT6IPDmvRkm88JECoOu++FMTE5Nz8wW5orzC4tLy6WV1QsTp5pDg8cy1s2QGZBCQQMFSmgmGlgUSrgMr49z//IGtBGxOsd+AkHErpToCs7QSu2S5ysWSkZ9hFvMZGzMYMvvmYRxyNxKjUeDnd/ldrtUdivuEHSceCNSJiOctktvfifmaQQKuWTGtDw3wSBjGgWXMCj6qQG74JpdQctSxSIwQTY8bUA3rdKh3Vjbp5AO1Z8TGYuM6Ueh7YwY9sxfLxf/81opdg+CTKgkRVD8a1E3lRRjmudEO0IDR9m3hHEt7F8p7zHNONo0i8MQDnPsf588Ti52K161Uj3bK9ePRnEUyDrZIFvEIzVSJyfklDQIJ3fkgTyRZ+feeXRenNev1glnNLNGfsF5/wQGTqD3</latexit>

rloss( , )
<latexit sha1_base64="dCD6lELzIEzHi2u/GlrM5FDA0JE=">AAACGnicbVBNSwMxEM36WetX1aOXYBEUpOxasXorevGoYLXQXUo2ndpgNrsks2JZ+ju8+Fe8eFDEm3jx35itRdT6IPDmvRkm88JECoOu++FMTE5Nz8wW5orzC4tLy6WV1QsTp5pDg8cy1s2QGZBCQQMFSmgmGlgUSrgMr49z//IGtBGxOsd+AkHErpToCs7QSu2S5ysWSkZ9hFvMZGzMYMvvmYRxyNxKjUeDnd/ldrtUdivuEHSceCNSJiOctktvfifmaQQKuWTGtDw3wSBjGgWXMCj6qQG74JpdQctSxSIwQTY8bUA3rdKh3Vjbp5AO1Z8TGYuM6Ueh7YwY9sxfLxf/81opdg+CTKgkRVD8a1E3lRRjmudEO0IDR9m3hHEt7F8p7zHNONo0i8MQDnPsf588Ti52K161Uj3bK9ePRnEUyDrZIFvEIzVSJyfklDQIJ3fkgTyRZ+feeXRenNev1glnNLNGfsF5/wQGTqD3</latexit>

rloss( , )
<latexit sha1_base64="dCD6lELzIEzHi2u/GlrM5FDA0JE=">AAACGnicbVBNSwMxEM36WetX1aOXYBEUpOxasXorevGoYLXQXUo2ndpgNrsks2JZ+ju8+Fe8eFDEm3jx35itRdT6IPDmvRkm88JECoOu++FMTE5Nz8wW5orzC4tLy6WV1QsTp5pDg8cy1s2QGZBCQQMFSmgmGlgUSrgMr49z//IGtBGxOsd+AkHErpToCs7QSu2S5ysWSkZ9hFvMZGzMYMvvmYRxyNxKjUeDnd/ldrtUdivuEHSceCNSJiOctktvfifmaQQKuWTGtDw3wSBjGgWXMCj6qQG74JpdQctSxSIwQTY8bUA3rdKh3Vjbp5AO1Z8TGYuM6Ueh7YwY9sxfLxf/81opdg+CTKgkRVD8a1E3lRRjmudEO0IDR9m3hHEt7F8p7zHNONo0i8MQDnPsf588Ti52K161Uj3bK9ePRnEUyDrZIFvEIzVSJyfklDQIJ3fkgTyRZ+feeXRenNev1glnNLNGfsF5/wQGTqD3</latexit>

parameter server (PS)

Gradient Gathering

Data-parallel mini-batch SGD

14



rloss( , )
<latexit sha1_base64="dCD6lELzIEzHi2u/GlrM5FDA0JE=">AAACGnicbVBNSwMxEM36WetX1aOXYBEUpOxasXorevGoYLXQXUo2ndpgNrsks2JZ+ju8+Fe8eFDEm3jx35itRdT6IPDmvRkm88JECoOu++FMTE5Nz8wW5orzC4tLy6WV1QsTp5pDg8cy1s2QGZBCQQMFSmgmGlgUSrgMr49z//IGtBGxOsd+AkHErpToCs7QSu2S5ysWSkZ9hFvMZGzMYMvvmYRxyNxKjUeDnd/ldrtUdivuEHSceCNSJiOctktvfifmaQQKuWTGtDw3wSBjGgWXMCj6qQG74JpdQctSxSIwQTY8bUA3rdKh3Vjbp5AO1Z8TGYuM6Ueh7YwY9sxfLxf/81opdg+CTKgkRVD8a1E3lRRjmudEO0IDR9m3hHEt7F8p7zHNONo0i8MQDnPsf588Ti52K161Uj3bK9ePRnEUyDrZIFvEIzVSJyfklDQIJ3fkgTyRZ+feeXRenNev1glnNLNGfsF5/wQGTqD3</latexit>

rloss( , )
<latexit sha1_base64="dCD6lELzIEzHi2u/GlrM5FDA0JE=">AAACGnicbVBNSwMxEM36WetX1aOXYBEUpOxasXorevGoYLXQXUo2ndpgNrsks2JZ+ju8+Fe8eFDEm3jx35itRdT6IPDmvRkm88JECoOu++FMTE5Nz8wW5orzC4tLy6WV1QsTp5pDg8cy1s2QGZBCQQMFSmgmGlgUSrgMr49z//IGtBGxOsd+AkHErpToCs7QSu2S5ysWSkZ9hFvMZGzMYMvvmYRxyNxKjUeDnd/ldrtUdivuEHSceCNSJiOctktvfifmaQQKuWTGtDw3wSBjGgWXMCj6qQG74JpdQctSxSIwQTY8bUA3rdKh3Vjbp5AO1Z8TGYuM6Ueh7YwY9sxfLxf/81opdg+CTKgkRVD8a1E3lRRjmudEO0IDR9m3hHEt7F8p7zHNONo0i8MQDnPsf588Ti52K161Uj3bK9ePRnEUyDrZIFvEIzVSJyfklDQIJ3fkgTyRZ+feeXRenNev1glnNLNGfsF5/wQGTqD3</latexit>

rloss( , )
<latexit sha1_base64="dCD6lELzIEzHi2u/GlrM5FDA0JE=">AAACGnicbVBNSwMxEM36WetX1aOXYBEUpOxasXorevGoYLXQXUo2ndpgNrsks2JZ+ju8+Fe8eFDEm3jx35itRdT6IPDmvRkm88JECoOu++FMTE5Nz8wW5orzC4tLy6WV1QsTp5pDg8cy1s2QGZBCQQMFSmgmGlgUSrgMr49z//IGtBGxOsd+AkHErpToCs7QSu2S5ysWSkZ9hFvMZGzMYMvvmYRxyNxKjUeDnd/ldrtUdivuEHSceCNSJiOctktvfifmaQQKuWTGtDw3wSBjGgWXMCj6qQG74JpdQctSxSIwQTY8bUA3rdKh3Vjbp5AO1Z8TGYuM6Ueh7YwY9sxfLxf/81opdg+CTKgkRVD8a1E3lRRjmudEO0IDR9m3hHEt7F8p7zHNONo0i8MQDnPsf588Ti52K161Uj3bK9ePRnEUyDrZIFvEIzVSJyfklDQIJ3fkgTyRZ+feeXRenNev1glnNLNGfsF5/wQGTqD3</latexit>

parameter server (PS)

Comm. Cost of PS

1. Model weights and gradients are d-
dimensional vectors.

2.There are p GPUs in the cluster for
computing.

Both broadcast and gather require to
communicate information

<latexit sha1_base64="9Llu8CZnhjGAxRIC7YpZtwe7h+E="></latexit>

O(pd)

PS requires to incurTWO
communication operations

15



A Generalized Comm. Cost Model

Cost model
<latexit sha1_base64="0N3k9CUUXOPv33ePJKxftTF/smw="></latexit>

↵� �

16

Comm. cost = Bandwidth cost

+ Latency cost<latexit sha1_base64="HKYoJitiHICO3B431k96T2nIBts="></latexit>↵⇥

<latexit sha1_base64="2vsmAbi2kaEEOgBVS9CefPgjzYA="></latexit>

�⇥
Total amount of info
communicated.

The entire number of
communication rounds.

Sarvotham, et al. Connection-level analysis and modeling of network traffic. SIGCOMM workshop on Internet 
Measurement 2001.

<latexit sha1_base64="vTyukJIawp1SuX3MuDKSorIvOmY="></latexit>

pd

<latexit sha1_base64="3who3zY/DFo3txc2Dy2wsONESbA="></latexit>

2



Cost model
<latexit sha1_base64="0N3k9CUUXOPv33ePJKxftTF/smw="></latexit>

↵� �

17

Comm. Topology Bandwidth Latency

Param Server
<latexit sha1_base64="p6qWpfbhx17TN0eWE9GJOCROLmw="></latexit>

↵⇥ 2
<latexit sha1_base64="9xp6XG4aQqoVdDyilLX9129nVC4="></latexit>

� ⇥ 2pd

A Generalized Comm. Cost Model



18

Ops3: All-reduce

Intro to Comm. Operations



Data-parallel mini-batch SGD
min
w

1

n

nX

i=1

`(w; zi)

19

For iteration :
- Sample a mini-batch:

<latexit sha1_base64="ENLs/iKnndkKDGomDApL41A4KVU=">AAACHXicbVDLSgMxFM3Ud31VXboJFsFVmZGirkR047KCfUCnlDtpxoZmMkNyRyjD/Igbf8WNC0VcuBH/xvSBaOuBwOGcc8m9J0ikMOi6X05hYXFpeWV1rbi+sbm1XdrZbZg41YzXWSxj3QrAcCkUr6NAyVuJ5hAFkjeDwdXIb95zbUSsbnGY8E4Ed0qEggFaqVuqYvHQjwD7DGR2mVPfpIHhSH+0Vm4DCgIJ1A81sCzP8m6p7FbcMeg88aakTKaodUsffi9macQVMgnGtD03wU4GGgWTPC/6qeEJsAHc8balCiJuOtn4upweWqVHw1jbp5CO1d8TGUTGDKPAJkdLm1lvJP7ntVMMzzqZUEmKXLHJR2EqKcZ0VBXtCc0ZyqElwLSwu1LWB9sB2kKLtgRv9uR50jiueCcV76Zavjif1rFK9skBOSIeOSUX5JrUSJ0w8kCeyAt5dR6dZ+fNeZ9EC850Zo/8gfP5DUoZohE=</latexit>

t

- Compute gradient:

<latexit sha1_base64="xh2z+CirkFca5zSDEtRfkqC7f0c=">AAACJHicbVDLSsNAFJ34Nr6qLt0MloKrkoioIIjoxqWCfUBTys10ooOTSZi5EUqaj3Hjr7hx4QMXbvwWp7WCth4Y5nDOvdx7T5hKYdDzPpyp6ZnZufmFRXdpeWV1rbS+UTdJphmvsUQmuhmC4VIoXkOBkjdTzSEOJW+Et2cDv3HHtRGJusJeytsxXCsRCQZopU7pqIJuEAPeMJD5adFBGpgsNNz+P2qzcCuBglACDSINLPeLPOgH/aJTKntVbwg6SfwRKZMRLjql16CbsCzmCpkEY1q+l2I7B42CSV64QWZ4CuwWrnnLUgUxN+18eGRBK1bp0ijR9imkQ/V3Rw6xMb04tJWDzc24NxD/81oZRoftXKg0Q67Y96AokxQTOkiMdoXmDGXPEmBa2F0puwEbBNpcXRuCP37yJKnvVv39qn+5Vz45HsWxQLbINtkhPjkgJ+ScXJAaYeSePJJn8uI8OE/Om/P+XTrljHo2yR84n1/50aUL</latexit>

Bt ⇢ X
<latexit sha1_base64="aAdsJR99mDL37DrknP+a4itzhLQ="></latexit>

r 1

|Bt|

|Bt|X

j=1

`(wt; zj)

<latexit sha1_base64="WAN+N6ziOhcRDTLyOnadmK2A5Sw="></latexit>

=
1

|Bt|

|Bt|X

j=1

r`(wt; zj)

<latexit sha1_base64="MGXxpsuy3vfK0QzcGmoWRR0L1ZQ="></latexit>

r`(wt; z1)
<latexit sha1_base64="cPYO/VKyfMFV1bEodbQuNuNwUlI="></latexit>

r`(wt; z2)
<latexit sha1_base64="TjCWFmvuO2eWYgZIM12ocdXgia8="></latexit>

r`(wt; z3)
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All-reduce SGD

gradient



Data-parallel SGD

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow 21

Gradient

d-dimensional

Ring-reduce SGD

d/p

p GPUs in the cluster



GPU1

Initialization

Ring-reduce SGD

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

22

g11 g12 g13

g31 g32 g33 g21 g22 g23



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

23

g11 g12 g13

g31 g32 g33 g21 g22 g23

Ring-reduce SGD
Round 1



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

24

g11 g12 g13+g33

g31 g22+g32 g33 g11+g21 g22 g23

Ring-reduce SGD
Round 1



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

25

g11 g12 g13+g33

g31 g22+g32 g33 g11+g21 g22 g23

Ring-reduce SGD
Round 2



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

26

g11 g13+g33

g32+g32 g33 g11+g21 g22
g13+ g23 

+g33

Ring-reduce SGD
Round 2

g11+ g21 
+g31

g12+ g22 
+g32



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

27

g11 g13+g33

g32+g32 g33 g11+g21 g22
g13+ g23 

+g33

Ring-reduce SGD
Round 3

g11+ g21 
+g31

g12+ g22 
+g32



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

28

g13+g33

g32+g32 g11+g21
g13+ g23 

+g33

Ring-reduce SGD
Round 3

g11+ g21 
+g31

g12+ g22 
+g32

g13+ g23 
+g33

g11+ g21 
+g31

g12+ g22 
+g32



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

29

g13+g33

g32+g32 g11+g21
g13+ g23 

+g33

Ring-reduce SGD
Round 4

g11+ g21 
+g31

g12+ g22 
+g32

g13+ g23 
+g33

g11+ g21 
+g31

g12+ g22 
+g32



GPU1

Sergeev, et al. Horovod: fast and easy distributed deep learning in TensorFlow

GPU2GPU3

30

g13+ g23 
+g33

Ring-reduce SGD
Round 4

g11+ g21 
+g31

g12+ g22 
+g32

g13+ g23 
+g33

g11+ g21 
+g31

g12+ g22 
+g32

g13+ g23 
+g33

g12+ g22 
+g32

g11+ g21 
+g31



Cost model
<latexit sha1_base64="0N3k9CUUXOPv33ePJKxftTF/smw="></latexit>

↵� �

31

Comm. cost = Bandwidth cost

+ Latency cost<latexit sha1_base64="HKYoJitiHICO3B431k96T2nIBts="></latexit>↵⇥

<latexit sha1_base64="2vsmAbi2kaEEOgBVS9CefPgjzYA="></latexit>

�⇥
Amount of info communicated
per communication round

The entire number of
communication rounds

Ring-reduce SGD

<latexit sha1_base64="UZIpFlqU1JOwOeIRveWSUzYoPng="></latexit>

d

p

<latexit sha1_base64="F22cA/AijxEJ8pWjSirgS3vwdO4="></latexit>

·(p� 1)
<latexit sha1_base64="c57Dbs1IymDkTBdIkANPGof7LrM="></latexit>

2

<latexit sha1_base64="p5bcBVWMbYXse80j3qz48IjgvA4="></latexit>

2(p� 1)



Cost model
<latexit sha1_base64="0N3k9CUUXOPv33ePJKxftTF/smw="></latexit>

↵� �

32

Comm.Topology Bandwidth Latency

Param Server

Ring-reduce

<latexit sha1_base64="p6qWpfbhx17TN0eWE9GJOCROLmw="></latexit>

↵⇥ 2
<latexit sha1_base64="9xp6XG4aQqoVdDyilLX9129nVC4="></latexit>

� ⇥ 2pd

<latexit sha1_base64="/rfFbHFacbbD6rg6VOPATMSXaKI="></latexit>

� ⇥ 2(p� 1)d

p

<latexit sha1_base64="Ti6lQanQyzpPX/B1vWUiDT+altI="></latexit>

↵⇥ 2(p� 1)

A Generalized Comm. Cost Model



Overview
• Motivations of Distributed ML

• Parallelism & Comm.Topologies
p Data parallelism (PS, all-reduce)
p Model parallelism
p Pipeline parallelism
p Hybrid parallelism

• Communication Bottlenecks & Solutions

33



34

An Issue of Data-parallelism
Each GPU must hold the entire copy of model

parameters.

Example:

• GPT-3 contains 175 billion of parameters.
• Assume each parameter takes 32-bit to store.
• Holding the entire GPT-3 model takes 700GB.
• The best GPU on earth (Nvidia A100) has
only 80GB of GPU memory.

Solution:
Partition the model parameters among

GPUs
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Model Parallelism

``Siberian 
Husky”

GPU1

GPU2

Also known as tensor-model parallelism



36

Model Parallelism

``Siberian 
Husky”

Also known as tensor-model parallelism

W1 W2d

k1

k1

k2



37

Model Parallelism
Also known as tensor-model parallelism

It requires to
communicate per

layer

[ ]

<latexit sha1_base64="MOOBiQpenMZlsC0yEgSu7EOj60c="></latexit>⇥
a b

⇤
<latexit sha1_base64="J02+ZZJ2ezl60YPdvq6tzl7t0BE="></latexit>
c d
e f

�
<latexit sha1_base64="koMIdjiDvGzfoqKPf2gktNeC0Gg="></latexit>
g h
i j

�
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Model Parallelism

``Siberian 
Husky”

Also known as tensor-model parallelism

W1 W2d

k1

k1

k2



39

Model Parallelism
Also known as tensor-model parallelism

<latexit sha1_base64="MOOBiQpenMZlsC0yEgSu7EOj60c="></latexit>⇥
a b

⇤
<latexit sha1_base64="J02+ZZJ2ezl60YPdvq6tzl7t0BE="></latexit>
c d
e f

�
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per two layers
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Model Parallelism
Also known as tensor-model parallelism

MLP

Self-Attention

Shoeybi, et al. Megatron-LM: Training Multi-Billion Parameter Language Models Using Model Parallelism.
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An Issue of Model Parallelism

``Siberian 
Husky”

Amount of comm. scales with # layers
and batch size.

(batch size, hidden dim)



Overview
• Motivations of Distributed ML

• Parallelism & Comm. Topologies
p Data parallelism (PS, all-reduce)
p Model parallelism
p Pipeline parallelism
p Hybrid parallelism

• Communication Bottlenecks & Solutions
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Pipeline Parallelism

``Siberian 
Husky”

GPU1 GPU2

Pipeline stage1 Pipeline stage2
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Pipeline Parallelism

Pipeline stage1 Pipeline stage2

Gradient( )Gradient( )

Forward( ) Forward( )

Issue: It’s serial!
Solution:

Split data mini-batches further
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Pipeline Parallelism

Pipeline stage1 Pipeline stage2

Micro-batch1

Micro-batch2
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Pipeline Parallelism

Pipeline stage1 Pipeline stage2

Forward( ) Forward( )Forward( ) Forward( )

Gradient( )Gradient( )Gradient( )Gradient( )
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Issue of Pipeline Parallelism
Pipeline bubble needs to be controlled

carefully.



Overview
• Motivations of Distributed ML

• Parallelism & Comm.Topologies
p Data parallelism (PS, all-reduce)
p Model parallelism
p Pipeline parallelism
p Hybrid parallelism

• Communication Bottlenecks & Solutions
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Hybrid/3D Parallelism

Pipeline

Parall
elism

Model

Parall
elism

Data
Parallelism

Bat
ch1

Bat
ch2
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Overview
• Motivations of Distributed ML

• Parallelism & Comm.Topologies
p Data parallelism (PS, all-reduce)
p Model parallelism
p Pipeline parallelism
p Hybrid parallelism

• Communication Bottlenecks & Solutions
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Data-parallel mini-batch SGD
min
w

1

n

nX

i=1

`(w; zi)
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- Sample a mini-batch:
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Bt ⇢ X

- Compute gradient:
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r 1

|Bt|

|Bt|X

j=1

`(wt; zj)
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X = {z1, · · · , zn}



[Cotter, Shamir, Srebro, Sridharan, NIPS11]
[Dekel,  Gilad-Bachrach, Shamir, Xiao, JMLR 2012]
[Friedlander and Schmidt, SIAM JSC 2012]

[Takác, Bijral, Richtárik, Srebro, ICML 2013]
[Li, Zhang, Chen, Smola, KDD 2014]
[Jain, Kakade, Kidambi, Netrapalli, Sidford, arxiv’16]
[De, Yadav, Jacobs, Goldstein, arxiv’16]

Repeat until convergenceAll-reduce SGD

The ideal speedup should be proportional to
#compute nodes

Data-parallel SGD

g1

g2g3
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portions of data to the same worker makes data access a non-issue. In contrast with Downpour
SGD, which requires relatively high frequency, high bandwidth parameter synchronization with the
parameter server, Sandblaster workers only fetch parameters at the beginning of each batch (when
they have been updated by the coordinator), and only send the gradients every few completed por-
tions (to protect against replica failures and restarts).

5 Experiments

We evaluated our optimization algorithms by applying them to training models for two different deep
learning problems: object recognition in still images and acoustic processing for speech recognition.

The speech recognition task was to classify the central region (or frame) in a short snippet of audio as
one of several thousand acoustic states. We used a deep network with five layers: four hidden layer
with sigmoidal activations and 2560 nodes each, and a softmax output layer with 8192 nodes. The
input representation was 11 consecutive overlapping 25 ms frames of speech, each represented by
40 log-energy values. The network was fully-connected layer-to-layer, for a total of approximately
42 million model parameters. We trained on a data set of 1.1 billion weakly labeled examples,
and evaluated on a hold out test set. See [27] for similar deep network configurations and training
procedures.

For visual object recognition we trained a larger neural network with locally-connected receptive
fields on the ImageNet data set of 16 million images, each of which we scaled to 100x100 pixels [28].
The network had three stages, each composed of filtering, pooling and local contrast normalization,
where each node in the filtering layer was connected to a 10x10 patch in the layer below. Our
infrastructure allows many nodes to connect to the same input patch, and we ran experiments varying
the number of identically connected nodes from 8 to 36. The output layer consisted of 21 thousand
one-vs-all logistic classifier nodes, one for each of the ImageNet object categories. See [29] for
similar deep network configurations and training procedures.

Model parallelism benchmarks: To explore the scaling behavior of DistBelief model parallelism
(Section 3), we measured the mean time to process a single mini-batch for simple SGD training as
a function of the number of partitions (machines) used in a single model instance. In Figure 3 we
quantify the impact of parallelizing across N machines by reporting the average training speed-up:
the ratio of the time taken using only a single machine to the time taken using N. Speedups for
inference steps in these models are similar and are not shown here.

The moderately sized speech model runs fastest on 8 machines, computing 2.2⇥ faster than using a
single machine. (Models were configured to use no more than 20 cores per machine.) Partitioning
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Speech: 42M parameters
Images: 80M parameters
Images: 330M parameters
Images: 1.7B parameters

Figure 3: Training speed-up for four different deep networks as a function of machines allocated
to a single DistBelief model instance. Models with more parameters benefit more from the use of
additional machines than do models with fewer parameters.
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Reality ~10-100x worse than ideal
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WHY?

“Large Scale Distributed Deep Networks” [Dean et al., NIPS 2012]

2018: same storyTL;DR:
Communication bottlenecks



Quantize to precision:
O(size of gradient) * 2/4/8 bits

Gradient Quantization

g1

g2

g̃1
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Gradient Sparsification

Communication / worker:
O(size of gradient) * 32 bits

Sparsified Gradients (k-sparse):
O(k)

Gradient compression
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Top-K (Sparsification)

top2

✓
2

664

2
�3
1
�4

3

775

◆
)

2

664

0
�3
0
�4

3

775

Examples:

S. U. Stich et al. “Sparsified SGD with Memory”, NeurIPS 2018. 55



signSGD (Quantization)

Bernstein et al.“signSGD: Compressed Optimisation for Non-Convex Problems”, ICML 2018.
Bernstein et al.“signSGD with Majority Vote is Communication Efficient And Fault Tolerant”, ICLR 2019.
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ATOMO & PowerSGD
(Low-rank Factorization)

Factorization( )GU VSVD( )

Wang et al. “ATOMO: Communication-efficient Learning via Atomic Sparsification”, NeurIPS 18.
Vogels et al. “PowerSGD: Practical Low-Rank Gradient Compression for Distributed Optimization”, NeurIPS19. 57



Next Week

• More about gradient compression.

• Convergence rate of gradient
compressed distributed training.

• Federated learning.
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