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1. Online EM is faster than batch EM

2. Online EM improves accuracy(!)

3. Details of online EM do matter
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the European Commission

la Commission européenne
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Probabilistic model: p(x, z; θ)
x: observed input
z: hidden output
θ: parameters (multinomial probabilities)

Training objective: likelihood

θ∗ = argmax
θ

n∑
i=1

log p(x(i); θ)

Evaluation: accuracy

gold z(i) versus predicted argmaxz p(z | x(i); θ∗)
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Online EM [Cappé & Moulines, 2009]

µ C

x(1)

s′
1

µ C

x(2)

s′
2

µ C

x(3)

s′
3

· · ·

Data
(0,8)
(6,2)
(3,8)
(2,1)
(3,5)
(2,4)
(4,4)
(5,7)
(3,6)
(4,3)

opt
parameter space

1 data points processed

6
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Online EM [Cappé & Moulines, 2009]

µ C

x(1)

s′
1

µ C

x(2)

s′
2

µ C

x(3)

s′
3

· · ·

Data
(0,8)
(6,2)
(3,8)
(2,1)
(3,5)
(2,4)
(4,4)
(5,7)
(3,6)
(4,3)

opt
parameter space

8 data points processed

6



Online EM [Cappé & Moulines, 2009]

µ C

x(1)

s′
1

µ C

x(2)

s′
2

µ C

x(3)

s′
3

· · ·

Data
(0,8)
(6,2)
(3,8)
(2,1)
(3,5)
(2,4)
(4,4)
(5,7)
(3,6)
(4,3)

opt
parameter space

9 data points processed

6
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Next: stabilize online EM by modifying optimization parameters
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α\m 1 3 10 30 100 300 1K 3K 10K
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0.6 -8.604 -8.575 -8.540 -8.524 -8.235 -8.041 -7.898 -7.901 -7.916
0.7 -8.541 -8.533 -8.531 -8.354 -8.023 -7.943 -7.886 -7.896 -7.918
0.8 -8.519 -8.506 -8.493 -8.228 -7.933 -7.896 -7.883 -7.890 -7.922
0.9 -8.505 -8.486 -8.283 -8.106 -7.910 -7.889 -7.889 -7.891 -7.927
1.0 -8.471 -8.319 -8.204 -8.052 -7.919 -7.889 -7.892 -7.896 -7.937
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α\m 1 3 10 30 100 300 1K 3K 10K
0.5 5.4 5.4 5.5 5.6 6.0 25.7 48.8 49.9 44.6
0.6 5.4 5.4 5.6 5.6 22.3 36.1 48.7 49.3 44.2
0.7 5.5 5.5 5.6 11.1 39.9 43.3 48.1 49.0 43.5
0.8 5.6 5.6 6.0 21.7 47.3 45.0 47.8 49.5 42.8
0.9 5.8 6.0 13.4 32.4 48.7 48.4 46.4 49.4 42.4
1.0 6.2 11.8 19.6 35.2 47.6 49.5 47.5 49.3 41.7
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0.7 -8.541 -8.533 -8.531 -8.354 -8.023 -7.943 -7.886 -7.896 -7.918
0.8 -8.519 -8.506 -8.493 -8.228 -7.933 -7.896 -7.883 -7.890 -7.922
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1.0 -8.471 -8.319 -8.204 -8.052 -7.919 -7.889 -7.892 -7.896 -7.937

[Accuracy]

α\m 1 3 10 30 100 300 1K 3K 10K
0.5 5.4 5.4 5.5 5.6 6.0 25.7 48.8 49.9 44.6
0.6 5.4 5.4 5.6 5.6 22.3 36.1 48.7 49.3 44.2
0.7 5.5 5.5 5.6 11.1 39.9 43.3 48.1 49.0 43.5
0.8 5.6 5.6 6.0 21.7 47.3 45.0 47.8 49.5 42.8
0.9 5.8 6.0 13.4 32.4 48.7 48.4 46.4 49.4 42.4
1.0 6.2 11.8 19.6 35.2 47.6 49.5 47.5 49.3 41.7

(α,m) important, but can set using likelihood (unsupervised)
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Results: speed
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Results: final accuracy

pos doc seg align
Batch 57.3 39.1 80.5 78.8
Online 59.6 47.8 80.7 78.9

Online: choose (α,m) with highest likelihood
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Results: final accuracy

pos doc seg align
Batch 57.3 39.1 80.5 78.8
Online 59.6 47.8 80.7 78.9
Online∗ 66.7 49.9 83.5 78.9

Online: choose (α,m) with highest likelihood

Online∗: choose (α,m) with highest accuracy

Mystery:

• Online EM obtains higher accuracy

• Batch EM and online EM optimize same objective function
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Optimization intuitions

Two parts of optimizing non-convex objectives:

(1) Find a good peak
(2) Climb to the top of that peak
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Online∗+Batch: 5 iterations of Online∗ then Batch
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x(2m+1)

· · ·
x(3m)

s′
2m+1,3m

· · ·

fast,unstable slow,stable

Stepsize and minibatches balance this tradeoff

Result: online EM is faster,
and sometimes more accurate than batch EM
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