
Lecture 11

COMP 414/514: 
Optimization - Algorithms, Complexity 

and Approximations
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And, always having in mind applications in machine learning,  
AI and signal processing

-Different objective classes 
-Different strategies within each problem 
-Different approaches based on  
    computational capabilities 
-  Different approaches based on constraints
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Unconstrained optimization

Huge!



Overview

- In this lecture, we will:

- Discuss how to distribute optimization in large-scale settings

- Study synchrony vs. asynchrony in gradient descent

- Provide some rough theoretical results on how asynchrony  
   affects performance

- Alternatives and state of the art



Recall: Stochastic gradient descent
- SGD is used almost everywhere: training classical ML tasks (linear prediction, 
   linear classification), training modern ML tasks (non-linear classification,  
   neural networks)
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- In words:     we select a training sample,     we compute the gradient,  
                       we update the model
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Distributing gradient computations
- ``Things are looking good so far.. What’s wrong with this scheme?``

- ``Well, it might be the case that we don’t have all data at once``

Online learning: 1. Data samples arrive one-at-a-time, as we optimize 

  2. (For some reason), we don’t have access to all data

- ``But, there are cases where we have finite & fixed data - see neural networks``

- ``Well, the problem here is that full gradient descent does not perform well``

Generalization vs. training error:
1. If we care about only the training error, full GD could work well

2. In ML tasks, we often care about the generalization error, i.e., the  
    performance of the model on unseen data
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Training vs. generalization error and GD

- Gradient descent converges to the ``first-seen`` stationary point; SGD explores 
   a bit the landscape before converging

- Gradient descent overfits the landscape of training data; however the  
   performance deteriorates on unseen data (different landscape)

Whiteboard

(This relates to the question ``large vs. small batch training``)



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit> Parallelism in coordinates 



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

Parallelism in coordinates 



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration

Parallelism in coordinates 



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration

Parallelism in coordinates 

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes compute part of (stochastic) 
gradient, based on the coordinates they are  
asked by the parameter node

Parallelism in coordinates 

[rfit(xt)]I1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[rfit(xt)]I2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[rfit(xt)]IP
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes compute part of (stochastic) 
gradient, based on the coordinates they are  
asked by the parameter node

iii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node waits for all gradient parts 
to be collected to do the gradient step

(..till the very last slow worker)

Parallelism in coordinates 

[rfit(xt)]I1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[rfit(xt)]I2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[rfit(xt)]IP
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

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>

Relates to coordinate descent algorithms

Parallelism in coordinates 



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

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>

Relates to coordinate descent algorithms

Parallelism in coordinates 

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Could be part of a large-scale 
implementation, where part of the model  
is too large to be computed in a centralized 
fashion



Distributing gradient computations
- Consider the case where even                       is expensive for a single node rfit(xt) 2 Rp

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

xt+1 = xt � ⌘rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains all data

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>

Relates to coordinate descent algorithms

Parallelism in coordinates 

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Could be part of a large-scale 
implementation, where part of the model  
is too large to be computed in a centralized 
fashion
Could be an overkill to only compute 
updates for a subset of entries

iii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes compute part of mini-batch 
gradient



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node keeps and distributes modeli)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

at every cycle/iteration

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes compute part of mini-batch 
gradient

iii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node waits for all gradient parts 
to be collected to do the mini-batch step

(..till the very last slow worker)



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

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>

Still requires synchronization; each worker 
has less work to do

(Discussion about large batch training)



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

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>

Still requires synchronization; each worker 
has less work to do

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Introduces a tradeoff between statistical 
efficiency, computations efficiency (in 
terms of convergence) and communication 
efficiency

(Discussion about large batch training)



Distributing gradient computations
- What about the setting in-between? Mini-batch SGD

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

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>

Still requires synchronization; each worker 
has less work to do

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Introduces a tradeoff between statistical 
efficiency, computations efficiency (in 
terms of convergence) and communication 
efficiency

iii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Usually computing             is cheap per noderfit(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(Discussion about large batch training)



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(on each worker node)



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(on each worker node)



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node does.. nothing until the endi)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(on each worker node)



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node does.. nothing until the endi)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes do mini-batch SGD as if 
there is no distributed computation

(on each worker node)



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node does.. nothing until the endi)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes do mini-batch SGD as if 
there is no distributed computation

(on each worker node)

x(1)
T

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

x(2)
T

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

x(P )
T

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



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node does.. nothing until the endi)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Worker nodes do mini-batch SGD as if 
there is no distributed computation

iii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node waits for all the models to 
be collected, and be averaged

(..till the very last slow worker)

(on each worker node)

x(1)
T

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit> x(2)
T

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

x(P )
T

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



Distributing gradient computations
- What if we run mini-batch SGD in parallel and combine at the end:

Parameter node

Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data

xt+1 = xt � ⌘
X

i2It

rfi(xt)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Parameter node does.. nothing until the endi)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

ii)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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(on each worker node)

bx = 1
P

PX

i=1

x(i)
T
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The model was designed for convex 
problems - the idea is that each 
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Final decision is prediction averaging - 
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- What if we run mini-batch SGD in parallel and combine at the end:
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Using distributed computing in a different way

- Run code in parallel as a way for hyperparameter optimization
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Worker 1 Worker 2 Worker P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each contains distinct partition of data
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   have already sent their updates to the parameter server. The whole system  
   has to wait for the last worker to complete and send his part, in order to 
   proceed.



Limitations of such distributed computing

- Synchronization:

- Must wait for the slowest worker to synchronize all workers, and  
   keep all nodes aware of each other’s updates to the model.

- Synchronization is often quite expensive:
- Consider the following setting: we have P workers, and P-1 of them 
   have already sent their updates to the parameter server. The whole system  
   has to wait for the last worker to complete and send his part, in order to 
   proceed.

- Alternatives or we have to bear with this situation?
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- Instead of using clusters of processing nodes, one can use a single  
   inexpensive work station that can host problems that, after preprocessing, 
   involve a few terabytes of data
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Asynchronous distributed computing
- Multicore systems can host large-scale problems:

- Instead of using clusters of processing nodes, one can use a single  
   inexpensive work station that can host problems that, after preprocessing, 
   involve a few terabytes of data

- Advantages of multicore systems:
- Low latency + high throughput shared main memory 
- High bandwidth of multiple disks  
- Fast multithread processors 

- Main bottleneck:

- Synchronization (locking) amongst processors
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Asynchrony in SGD
- Run SGD in parallel without locks!

rfit(xt)
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<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

- Each thread can independently ask for  
   the current model in memory

Shared memory

Thread 1 Thread 2 Thread P{ <latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Each has access to all data

- All threads have access to shared memory

(Slight abuse of  
representation)

- Each thread computes an update (=gradient) 
   and then updates shared memory

(the order that updates are sent is random)

- The controller in shared memory updates  
   the model in a first-in-first-served fashion
- Assuming all threads have collected xt
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(..and this might be an straightforward case)

- Threads might process an older model version
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- And it can get more complex:
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- Threads might complete the ``job`` in an arbitrary 
   order. 

- And it can get more complex:

``Threads can read a model state that 
  only stayed in memory for a short time 
  and between other memory writes``
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combined with Adagrad 
adaptive learning rates..``

``..There is little theoretical 
grounding for the safety of these 
operations for nonconvex 
problems, but in practice we 
found relaxing consistency 
requirements to be remarkably 
effective...``

(..a bit more involved set up)

- Comm. bottleneck

- We can increase batch 
   size - but, we deal  
   with worse generali- 
   nation error
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- Setting: min
x
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X

e2E

fe(xe)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

where: x 2 Rn
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

e ⇢ [n]
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(each element e is a collection of indices in [n] 
 but also an index from a set of samples E)

E
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

is a collection of items, say samples



Asynchrony in SGD
- Can we prove anything about asynchrony in SGD?

HOGWILD!: ``..an update scheme that allows processors accesss shared 
memory with the possibility of overwriting each other’s work

- Setting: min
x

f(x) :=
X

e2E

fe(xe)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

where: x 2 Rn
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

e ⇢ [n]
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

(each element e is a collection of indices in [n] 
 but also an index from a set of samples E)

E
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

is a collection of items, say samples

- Slight abuse of notation:

fe(·)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xe
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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   are features, we solve:
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x

X

↵2E
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- Notation:
Ge(x) 2 Rn
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- In words:

1. Each processor samples     uniformly at random

(coordinate-wise)

2. Each processor computes the gradient     at    
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- Properties of asynchronous HOGWILD! algorithm:

- When the data access is sparse (i.e., SGD modifies a portion of  
   the variables per step), memory overwrites could be rare

- This further indicates that asynchrony introduces barely any  
   error in the computations

- The authors show (theoretically and experimentally) a near-linear 
   speedup, with the number of processors used

- In practice, lock-free SGD exceeds even theoretical guarantees



Alternatives to avoid asynchrony
(in other words, how we can decrease communication burden?)

- Standard SGD: each entry of the gradient is represented as a float number

: the size of each gradient sent over networkO(32 · p) bits
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Figure 2: Breakdown of communication versus computation for various neural networks, on 2, 4, 8, 16 GPUs,
for full 32-bit precision versus QSGD 4-bit. Each bar represents the total time for an epoch under standard
parameters. Epoch time is broken down into communication (bottom, solid) and computation (top, transparent).
Although epoch time diminishes as we parallelize, the proportion of communication increases.

(a) AlexNet Accuracy versus Time. (b) LSTM error vs Time. (c) ResNet50 Accuracy.

Figure 3: Accuracy numbers for different networks. Light blue lines represent 32-bit accuracy.

NCCL extensions. We have implemented QSGD on GPUs using the Microsoft Cognitive Toolkit
(CNTK) [3]. This package provides efficient (MPI-based) GPU-to-GPU communication, and imple-
ments an optimized version of 1bit-SGD [35]. Our code is released as open-source [31].

We execute two types of tasks: image classification on ILSVRC 2015 (ImageNet) [12], CIFAR-
10 [25], and MNIST [27], and speech recognition on the CMU AN4 dataset [2]. For vision, we
experimented with AlexNet [26], VGG [36], ResNet [18], and Inception with Batch Normaliza-
tion [22] deep networks. For speech, we trained an LSTM network [19]. See Table 1 for details.
Protocol. Our methodology emphasizes zero error tolerance, in the sense that we always aim to
preserve the accuracy of the networks trained. We used standard sizes for the networks, with hyper-
parameters optimized for the 32bit precision variant. (Unless otherwise stated, we use the default
networks and hyper-parameters optimized for full-precision CNTK 2.0.) We increased batch size
when necessary to balance communication and computation for larger GPU counts, but never past the
point where we lose accuracy. We employed double buffering [35] to perform communication and
quantization concurrently with the computation. Quantization usually benefits from lowering learning
rates; yet, we always run the 32bit learning rate, and decrease bucket size to reduce variance. We will
not quantize small gradient matrices (< 10K elements), since the computational cost of quantizing
them significantly exceeds the reduction in communication. However, in all experiments, more than
99% of all parameters are transmitted in quantized form. We reshape matrices to fit bucket sizes, so
that no receptive field is split across two buckets.
Communication vs. Computation. In the first set of experiments, we examine the ratio between
computation and communication costs during training, for increased parallelism. The image classi-
fication networks are trained on ImageNet, while LSTM is trained on AN4. We examine the cost
breakdown for these networks over a pass over the dataset (epoch). Figure 2 gives the results for
various networks for image classification. The variance of epoch times is practically negligible (<1%),
hence we omit confidence intervals.

Figure 2 leads to some interesting observations. First, based on the ratio of communication to
computation, we can roughly split networks into communication-intensive (AlexNet, VGG, LSTM),
and computation-intensive (Inception, ResNet). For both network types, the relative impact of
communication increases significantly as we increase the number of GPUs. Examining the breakdown
for the 32-bit version, all networks could significantly benefit from reduced communication. For
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Abstract

Parallel implementations of stochastic gradient descent (SGD) have received signifi-
cant research attention, thanks to its excellent scalability properties. A fundamental
barrier when parallelizing SGD is the high bandwidth cost of communicating gradi-
ent updates between nodes; consequently, several lossy compresion heuristics have
been proposed, by which nodes only communicate quantized gradients. Although
effective in practice, these heuristics do not always converge.
In this paper, we propose Quantized SGD (QSGD), a family of compression
schemes with convergence guarantees and good practical performance. QSGD
allows the user to smoothly trade off communication bandwidth and convergence
time: nodes can adjust the number of bits sent per iteration, at the cost of possibly
higher variance. We show that this trade-off is inherent, in the sense that improving
it past some threshold would violate information-theoretic lower bounds. QSGD
guarantees convergence for convex and non-convex objectives, under asynchrony,
and can be extended to stochastic variance-reduced techniques.
When applied to training deep neural networks for image classification and au-
tomated speech recognition, QSGD leads to significant reductions in end-to-end
training time. For instance, on 16GPUs, we can train the ResNet-152 network to
full accuracy on ImageNet 1.8⇥ faster than the full-precision variant.

1 Introduction

The surge of massive data has led to significant interest in distributed algorithms for scaling com-
putations in the context of machine learning and optimization. In this context, much attention has
been devoted to scaling large-scale stochastic gradient descent (SGD) algorithms [33], which can be
briefly defined as follows. Let f : Rn ! R be a function which we want to minimize. We have access
to stochastic gradients eg such that E[eg(x)] = rf(x). A standard instance of SGD will converge
towards the minimum by iterating the procedure

xt+1 = xt � ⌘teg(xt), (1)

where xt is the current candidate, and ⌘t is a variable step-size parameter. Notably, this arises if
we are given i.i.d. data points X1, . . . , Xm generated from an unknown distribution D, and a loss
function `(X, ✓), which measures the loss of the model ✓ at data point X . We wish to find a model
✓⇤ which minimizes f(✓) = EX⇠D[`(X, ✓)], the expected loss to the data. This framework captures
many fundamental tasks, such as neural network training.

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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ABSTRACT

Distributed training of deep learning models on large-scale training data is typi-
cally conducted with asynchronous stochastic optimization to maximize the rate
of updates, at the cost of additional noise introduced from asynchrony. In con-
trast, the synchronous approach is often thought to be impractical due to idle time
wasted on waiting for straggling workers. We revisit these conventional beliefs
in this paper, and examine the weaknesses of both approaches. We demonstrate
that a third approach, synchronous optimization with backup workers, can avoid
asynchronous noise while mitigating for the worst stragglers. Our approach is
empirically validated and shown to converge faster and to better test accuracies.

1 INTRODUCTION

The recent success of deep learning approaches for domains like speech recognition (Hinton et al.,
2012) and computer vision (Ioffe & Szegedy, 2015) stems from many algorithmic improvements
but also from the fact that the size of available training data has grown significantly over the years,
together with the computing power, in terms of both CPUs and GPUs. While a single GPU often
provides algorithmic simplicity and speed up to a given scale of data and model, there exist an
operating point where a distributed implementation of training algorithms for deep architectures
becomes necessary.

Currently, popular distributed training algorithms include mini-batch versions of stochastic gradient
descent (SGD) and other stochastic optimization algorithms such as AdaGrad (Duchi et al., 2011),
RMSProp (Tieleman & Hinton, 2012), and ADAM (Kingma & Ba, 2014). Unfortunately, bulk-
synchronous implementations of stochastic optimization are often slow in practice due to the need
to wait for the slowest machine in each synchronous batch. To circumvent this problem, practi-
tioners have resorted to asynchronous approaches which emphasize speed by using potentially stale
information for computation. While asynchronous training have proven to be faster than their syn-
chronous counterparts, they often result in convergence to poorer results.

In this paper1, we revisit synchronous learning, and propose a method for mitigating stragglers in
synchronous stochastic optimization. Specifically, we synchronously compute a mini-batch gradient
with only a subset of worker machines, thus alleviating the straggler effect while avoiding any
staleness in our gradients. The primary contributions of our paper are:

• Illustration of how gradient staleness in asynchronous training negatively impacts test ac-
curacy and is exacerbated by deep models.

• Measurement of machine response times for synchronous stochastic optimization in a large
deployment of 100 GPUs, showing how stragglers in the tail end affect convergence speed.

• Proposal of synchronous stochastic optimization with backup workers to mitigate straggler
effects without gradient staleness.

• Establishing the need to measure both speed of convergence and test accuracy of optimum
for empirical validation.

⇤Joint first authors
†UC Berkeley, Berkeley, CA, USA, xinghao@eecs.berkeley.edu
1This is an extension of our ICLR 2016 workshop extended abstract (Chen et al., 2016).
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- Sparsification of gradients: instead of quantizing all entries, keep the 
   most important ones

- Large batch training: give more ``work`` to workers by increasing the 
   batch size. However it needs careful parameter tuning to make it work

- Variants of HOGWILD! that minimize communication conflicts: some  
   computation is performed to distribute examples to different cores 
   so that examples do not ``conflict``.



Conclusion

- Distributed computing is at the heart of developments in modern ML
- There are different ways to exploit distributed computing: hyper parameter 
   optimization, coordinate descent, mini-batch synchronous SGD, 
   asynchronous SGD

- Which configuration to use depends on the problem and the resources 
    at hand
- These topics are highly attractive (research-wise): they define the notion 
   of systems + machine learning (look for SysML conference)


