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Scalable Inference Reliable Inference

Memoized variational algorithm. (ughes & Suddenh 1) Merge moves for simpler models, faster learning.
e process huge data as small, fixed batches » Propose candidate model combining two clusters into one
* no pesky learning rates y 2 .
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Image Patches Topic Models

Easy model comparison on millions of examples. Merge/ delete moves find compact set of clusters.

—
@mﬁ * 1mage-specific cluster frequencies (HDP) fomme s x —1 T { 1Accepted Merge
— series film
Wreiky  © universal cluster frequencies (DP) > o ragine
O -/, 1 | release direct
| | star production
- E}% E% é 2 7 final K=67 :83 _79 | ;ilflz/iSion igtfé;r
i o S ot || o
=..m -I_—J 2:61 _ 50 100 150 200 250 3bC 2IAccepted Ilwer?e
I anguage INQuIStIC
|| g 5 el HDP memoMD num topics K atin inguist
Iy T — DP memoMD Gibbs (Teh et al. ‘06) oter anguage
. . . w T) — DP memoBM memOMD == stochSMrand (Bryantetal. '12) | gpeak Iirrw)guistics
... C 2.4¢ === memo rand speaker grammatical
... i \“\ ! === memoMD rand soubnd prc;fpunciation
50 100 ﬁnal K:]O === memoMD spec | ver Suttx
8x8 patches  learned patch samples num topics K LR gr . = memoMD fromGibbs
from 400 images.  from top 4 HDP clusters Toy Bars D 1()00 10 true tOplCS. Wikipedia articles. D=7961.

N = 3 million. ranked for each image, from shared set of K=200. Results from 1.8 million NY Times articles in paper.



