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Descent algorithms and line search methods 
Acceleration, momentum, and conjugate gradients 

Newton and Quasi-Newton methods 
Coordinate descent 

Stochastic and incremental gradient methods 
SMO 

SVMlight 
LIBLINEAR
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collaborative filtering, … 

MACHINE LEARNING MODEL logistic regression, lasso, 
support vector machines, …

OPTIMIZATION ALGORITHM gradient descent, coordinate 
descent, Newton’s method, …

SYSTEMS SETTING multi-core, cluster, cloud, 
supercomputer, …

Open Problem:
efficiently solving objective 

when data is distributed
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Algorithm 1: CoCoA

Input: T � 1, scaling parameter 1  �K  K (default: �K := 1).

Data: {(xi, yi)}ni=1 distributed over K machines

Initialize: ↵

(0)
[k]  0 for all machines k, and w

(0)  0

for t = 1, 2, . . . , T
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(�↵[k],�wk) LocalDualMethod(↵

(t�1)
[k] ,w(t�1)

)
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end
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ñ

◆H

`i 1/�

applies also to duality gap 

measure of difficulty of data partition 
0  �  n/K

 

✔ it converges!



Convergence

E[D(↵⇤)�D(↵(T ))] 
✓
1� (1�⇥)

1

K

�n�

� + �n�

◆T ⇣
D(↵⇤)�D(↵(0))

⌘

Assumptions:  
    are       -smooth 
LocalDualMethod makes improvement    per step  
 

 e.g. for SDCA                         
⇥

⇥ =

✓
1� �n�

1 + �n�

1

ñ
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Empirical Results in      

Dataset Training (n) Features (d) Sparsity Workers (K)

Cov 522,911 54 22.22% 4

Rcv1 677,399 47,236 0.16% 8

Imagenet 32,751 160,000 100% 32
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Thanks!

github.com/gingsmith/cocoa
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