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Example

Three topics, same documents as last time

cat dog hamburger iron pig

= .26 185 .185 .185 .185 (1)
- | .185 .185 .26 185 .185
.185 .185 .185 .26 .185

Assume uniform ~: (2.0,2.0,2.0)
Compute update for ¢

bni o Bivexp | W (7;) Z’yj (2)

For a the first word (dog) in the document: dog cat cat pig
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Update ¢ for dog

cat dog hamburger iron pig
| 26 .185 .185 185 .185
B 185  .185 .26 185 .185 ﬁfvSXP( (vi) —v (Z%))
185 .185 .185 26 .185

Ppi <

= (2.000, 2.000, 2.000)

Machine Learning: Jordan Boyd-Graber |  Boulder

Variational Inference | 4 of 14



Update ¢ for dog

cat dog hamburger iron pig
| 26 .185 .185 185 .185
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Ppi <

= (2.000, 2.000, 2.000)

#(0) o 0.185 x exp (W (2.000) — W (2.000 + 2.000 + 2.000)) =
0.051
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Update ¢ for pig

cat dog hamburger iron pig

Ppi <
8= .26 .185 .185 .185 .185
| .185 .185 .26 185 185 | Bwexw ( (vi) — (Z “O))
.185 .185 .185 .26 .185

= (2.000, 2.000, 2.000)
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Update ¢ for cat

cat dog hamburger iron pig
26 .185 .185 185 .185

p= .185 .185 .26 .185 .185 vaexp< (vi) — W (Z%))
.185 .185 .185 .26 185

Ppi <

= (2.000, 2.000, 2.000)
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Update ¢ for cat

cat dog hamburger iron pig

Ppi <
8= .26 .185 .185 .185 .185
.185 .185 .26 185 185 | Bwexw ( (vi) — (Z “O))
.185 .185 .185 .26 .185

= (2.000, 2.000, 2.000)

#(0) o 0.260 x exp (¥ (2.000) — W (2.000 + 2.000 + 2.000)) =
0.072
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Update ¢ for cat

cat dog hamburger iron pig

Ppi <
8= .26 .185 .185 .185 .185
| .185 .185 .26 185 185 | Bwexw ( (vi) — (Z “O))
.185 .185 .185 .26 .185

= (2.000,2.000, 2.000)
#(0) o 0.260 x exp (¥ (2.000) — W (2.000 + 2.000 + 2.000)) =

0.072
#(1) o 0.185 x exp (W (2.000) — W (2.000 + 2.000 + 2.000)) =
0.051
#(2) o 0.185 x exp (W (2.000) — W (2.000 + 2.000 + 2.000)) =
0.051

After normalization: {0.413, 0.294, 0.294}
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Update v

Document: dog cat cat pig

Update equation

V=it i (3)

Assume a = (.1, .1, .1)
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Update v

Document: dog cat cat pig
Update equation
V=it i (3)
n

Assume a = (.1, .1, .1)

o P1 ®2
dog .333 .333 .333
cat 413 .294 .294
pig .333 .333 .333
« 0.1 0.1 0.1
sum 1592 1.354 1.354

Note: do not normalize!
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Update v

Document: dog cat cat pig

Update equation
V=it i (3)

Assume a = (.1, .1, .1)
%o $1 $2
dog .333 333  .333
cat .413 .294 294 x2
pig  .333  .333 333
Q 0.1 0.1 0.1
sum 1.592 1.354 1.354

Note: do not normalize!

Variational Inference 7 of 14

Boulder
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Update

Count up all of the ¢ across all documents
For each topic, divide by total

Corresponds to maximum likelihood of expected counts
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Update

Count up all of the ¢ across all documents
For each topic, divide by total
Corresponds to maximum likelihood of expected counts

Unlike Gibbs sampling, no Dirichlet prior
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Plan

What research is going on in variational inference?
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Automatic Inference

1 public woid GaussianModel (double[] data

2 double mean Factor.Random (new

3 double precision Factor.Random(new

4 for (int i 0; 1 < data.length; i++)

5 data[i] Factor.Gaussian (mean, precision);

Machine Learning: Jordan Boys Boulder Variational Inference 10 of 14



Parallel LDA

Zhai et al, 2012

Write o

Write 8

istributed Cache

Mapper: Update y, Reducer

< =\
T A T

Driver: Update o

Hessian

Sufficient T
BN erms
Document Mapper: Update 7, ¢ Statistics for
B Update

Test Likelihood
Convergence

ne Learning: Jordan Boy: 11 of 14



Online LDA

Hoffman and Blei, 2010

Algorithm 2 Online varational Bayes [or LDA
Define py £ {7y + &)
Initialize A randomly.
fort = 0toocdo
E step:
Imitialize v = 1. (The constant 1 15 arbitrary.)
repeat
Set Do x exp{E;[log O] + E,[log Gi.] }
el =0+ L Dk Thpap
until - 3", |change 1|1“,gn| < 0.00001
M Sffp
Compute Agy = 17+ Dy du
SetA=(l—plA+pA
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Online LDA

Hoffman and Blei, 2010

a0 - an SEK
850 - “
800 -

= Online .38

% 750 -

Batch 98K

B.700 -
@
O 650 -

600 -

T T T ~ T - I_ T T
10°° 10° 10%° 10° o 10° 10%*
Documents seen (log scale)
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Online LDA

Hoffman and Blei, 2010

1: Initialize A*) randomly.

2: Set the step-size schedule p, appropriately.

3: repeat

4:  Sample a data point x; uniformly from the data set.
5:  Compute its local variational parameter,

0 =By oy (™, ™).
6:  Compute intermediate global parameters as though x; is replicated N times,
5 N) (N
A=Eon, (", V).
7. Update the current estimate of the global variational parameters,
AD = (1—p)AFD £p/.

8: until forever
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Best of Both Worlds

Algorithm 1 Algorithm for hybrid stochastic
variational-Gibbs inference.
fortel,.., ooﬂdo
i ()
sample minibatch B
for d € B do
initialize zg
discard B burn-in sweeps
for sample s € 1, ..., S do
for token i € 1, ..., N; do
sample z5; o (o + Ny, )ePa[08 el
end for
end for

end for .
Moy = (L= p) Ny + (77 + %Nkw>
end for
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Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5

102-club

115-issuee

127-cover

130-copy

197-appear
289-rock
450-annual

584-series

811-forcee
1090-rider
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Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5|| minibatch-8
102-club 118-club
115-issuee 128-copy

127-cover 137-cover

130-copy 138-issue
197-appearl{ 180-appear

289-rock 319-rock
450-annual | 493-annual

584-series [| 639-series

811-forcee | 877-force
1090-rider 1 _1003-rider

patlafontain
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Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5|| minibatch-8 minibatch-10

102-club 118-club 132-rock
115-issuee 128-copy 194-issue
127-cover i 137-cover 215-series
130-copy 138-issue 217-copy
197-appearl{ 180-appear 226-cover
289-rock 319-rock 261-appear
450-annual | 493-annual 588-annual
584-series | 639-series 949-force
811-forcee || 877-force 1074-rider

1090-rider 1 _1003-rider
- 6520-mutant |
’ [Costecoptan |

patlafontain

B 8 | 10 |
hulk |
seqitur mutant mazelyah ‘
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Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5|| minibatch-8 minibatch-10 minibatch-16
102-club 118-club 132-rock 87-series H
115-issuee 128-copy 194-issue 161-issue H
127-cover 137-cover 215-series 283-copy 5l
130-copy 138-issue 217-copy 306-appear

197-appearl{ 180-appear 226-cover 307-cover
289-rock 319-rock 261-appear 502-annual

250-annual | 493-annual ||~ sg8-annual 814-force
584-series [| 639-series 949-force 1194-rider
811-forcee || 877-force 1074-rider 8944-hulk
1090-rider 1 _1003-rider

6520-mutant 11301-mutant

10 | 16 ]

hulk wolverin
seqitur mutant ‘ mazelyah albion

patlafomam
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Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5|| minibatch-8 minibatch-10 minibatch-16 minibatch-17
102-club 118-club 132-rock 87-series 82-series
115-issuee 128-copy 194-issue 161-issue H  162-issue
127-cover i 137-cover 215-series 283-copy 288-copy
130-copy 138-issue 217-copy 306-appear 294-appear
197-appearl{ 180-appear 226-cover 307-cover 311-cover
289-rock 319-rock 261-appear 502-annual 512-annual
450-annual |t 493-annual | 588-annual 814-force 830-force
584-series | _639-series 949-force 1194-rider 4782-wolverin |
811-forcee || 877-force 1074-rider ‘
1090-rider f 1003-rider |

8 10 16 ]
wolverin |
|

patlafontain
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Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5|| minibatch-8 minibatch-10 minibatch-16 minibatch-17 | | minibatch-39
102-club 118-club 132-rock 87-series 82-series 1-annual
115-issuee || 128-copy 194-issue 161-issue  H  162-issue 2-rock
127-cover i 137-cover 215-series 283-copy 288-copy Sawolverln

- 4-appear

130-copy 138-issue 217-copy 306-appear 294-appear

197-appearl{ 180-appear 226-cover 307-cover 311-cover
289-rock 319-rock 261-appear 502-annual 512-annual

450-annual |t 493-annual | 588-annual 814-force 830-force 8-cover
584-series [| 639-series 949-force 1194-rider 4782-wolverin “ 12-issue w
811-forcee || 877-force 1074-rider ‘

16-copy

1090-rider 1 _1003-rider

53-force
57-rider

10 6 [ m ][ s ]
wolverin || lacy || izzo |
mazelyah albion ‘ ‘ a

oulder




Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5|| minibatch-8 minibatch-10 minibatch-16 minibatch-17 | | minibatch-39 || minibatch-83
102-club 118-club 132-rock 87-series 82-series 1-annual
115-issuee || 128-copy 194-issue 161-issue  H  162-issue 2-rock 1-appear
127-cover 137-cover 215-series 283-copy 288-copy 3-wolverin L |
: doppear | Srook |
130-copy 138-issue 217-copy 306-appear 294-appear
| Swonern |
197-appear 180-appear 226-cover 307-cover 311-cover | —— ‘
289-rock 319-rock 261-appear 502-annual 512-annual 1_‘
450-annual |f 493-annual 588-annual 814-force 830-force 8-cover ‘
-seri 639-series ¥ 1194-rider 4782-wolveri 12-issue
584-series 949-force 82-wolverin 15-series
811-forcee || 877-force 1074-rider 16-cover
1090-rider | 1003-rider 16-C00Y 1™ 59-copy
S3-force 23-issue
S7-1ider 280-rider
10 16 I 17 [ 39 ][ 8 ]
wolverin | lacy [ izzo || gown
mazelyah albion ‘ ; &




Matching Models and Inference

Zhai and Boyd-Graber, 2013

minibatch-5 || minibatch-8 minibatch-10 minibatch-16 minibatch-17 | | minibatch-39 || minibatch-83 || minibatch-120
102-club 118-club 132-rock 87-series 82-series 1-annual 0O-appear
115-issuee || 128-copy 194-issue 161-issue 162-issue 2-rock 1-appear .
- 3-wolverin 2-wolverin
127-cover 137-cover 215-series 283-copy 288-copy F 4 3-annual
- -appear ¥ &
130-copy 138-issue 217-copy 306-appear 294-appear — 5 r?ck 2-copy
197-appear (| 180-appear 226-cover 307-cover 311-cover 6-series 5-rider
289-rock 319-rock 261-appear 502-annual 512-annual
450-annual || 493-annual 588-annual 814-force |y  830-force 8-cover 12-annal 7-cover
- - , 8-force
-seri 639-series ¥ 1194-rider 4782-wolveri 12-issue
584-series 949-force 82-wolverin 15-series
811-forcee /| 877-force 1074-rider 16-cover -issue
1090-rider [{ 1003-rider 16-copy 19-copy H 12-series ‘
53-force
- 23-issue
57-rider 280-rider

5 8 16 i 17 [[ 39 | 8 ]
wolverin | lacy || izzo | gown |
albion " a & '

patlafontain
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