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Structured Perceptron (Collins 2002)

L. w=0 Sl — %

2. repeat: / .
3. for (x;,y;) In D: SRR
4. Z «— argmax w - ®(x;,y;)

z€Gen(x;) %, o3 U TR0 S CEEER

5 it z+y;: SNILESIET BRI
6 we—w+®P(x;,y;) — P(x;,2)

7. until convergence

8. returnw
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repeat //yle{ﬂ -1}
for (x;y;) 1n D: ,=ftl wexi>0)

—1  (otherwise)

1

2

3

Z Z «— signw - X;

5. 1T z+y;:

6 W— W+ Yy X;
/. until convergence
8. returnw
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 (x;,¥;) = (Brown promises change, Noun Verb Noun)

Brown promises free
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 (x;,¥;) = (Brown promises change, Noun Verb Noun)

Brown promises free
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 (x;,¥;) = (Brown promises change, Noun Verb Noun)

Brown promises free
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Mini-batch Perceptron

1. w=0 n: FIFRSHIZR
2. D% [n/mH{EdDmini-batchD;, ..., Dy /m(C73E] m: mini-batchZk
3. repeat:
4. for j in range([n/m]): )
>. C=90 _ Mini-batch D; (mABdD3I##
6. for (x;,y;) In Dj: £ D55, WIEOEH
7. z; «— argmax w- ®(x;,y;) +r wClEDIEEREZ TUE

_ zi€Gen(x;) SHEDZECICIBINT D (&
8. Tz # yie FHOBEHFTORN)
9. C— CU{(x;,yiz)}
10. for (x;,y;,z;) In C:

1 CZRWTEHDE

1. w—w+ = (@0, ) - ¢(xi,z))} ik E & D TEST

12. until convergence
13. returnw
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Mini-batch Perceptron®:

F{E

1. w=0

2. D% [n/mfE@dmini-batchDy, ..., Dy (T E

4.  repeat:

5. for j in range([n/ml):

6. for k in range(m/pl):

/. C, =0

8. for (Xi,yi) in Dj,k:

9. Z; «— argmax w - ®(x;,y;)
z;€Gen(x;)

10. i Zi F Y-

11. Cr «— C U{(x;,yi,2)}

12. C « Uk Ck

13. for (xi'yirzi) in C:

14. W w+ |_Z-|((D(xlr yl) - q)(Xi,Z))

15. until convergence

16. returnw
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Figure 1: Comparison of various methods for parallelizing online learning (number of processors p = 4). (a) iterative
parameter mixing (McDonald et al., 2010). (b) unbalanced minibatch parallelization (minibatch size m = 8). (c)
minibatch parallelization after load-balancing (within each minibatch). (d) asynchronous minibatch parallelization
(Gimpel et al., 2010) (not implemented here). Each numbered box denotes the decoding of one example, and ¢
denotes an aggregate operation, i.e., the merging of constraints after each minibatch or the mixing of weights after
each iteration in IPM. Each gray shaded box denotes time wasted due to synchronization in (a)-(c) or blocking in (d).
Note that in (d) at most one update can happen concurrently, making it substantially harder to implement than (a)-(c).
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