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Introduction

« Topic models such as latent Dirichlet allocation (LDA)
are mainstays for modern data analysis.

« Stochastic variational inference (SVI) can efficiently infer
topic models for large-scale and online data. However,
the noise of stochastic natural gradients is commonly
large.



Moving average stochastic variational inference
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Fig. 2 A graphic illustration for the moving average
scheme (at each iteration, we sample a new mini-batch

R and discard old mini-batch 1)



Moving average stochastic variational inference

Algorithm 1 MASVI for LDA
1: Initialize parameters, including a, 8, p, M, and R
2: Generate 5”3:'* and then initialize £
3: Fort=1,2,--- ,0c do

4: Sample M documents

5: For d=1 to M do

6: Compute a4 and 0, using Egs. (2) and (3)
T End for

8: Update the moving average f'*) using Eq. (7)

9: Update 8 using Eq. (9)
10: End for




Experimental results (1)
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Fig. 3 Experiments on moving frequency R: (a) PubMed (M = 100); (b) Wikipedia (M = 100); (c) PubMed

(M = 500); (d) Wikipedia

(M = 500)

Per-word likelihood

Per-word likelihood

-74

-78

——

R=64

b .-i—i.ﬂ—l—l.—l.—l—l—l—-l:l-l—l—l—l—ﬁ—l—l—

o A A bbb k—h—h—d—
A 00

- m-0-a-n-0—8-g—E—E-E—E-f-N—E—E-- -
0 = 10 15 20
Time (h)

d) e e e e atgs

0RO = - — O — O 00—

—a—N—u-u-m—-N-g -0 —8—-0—-u-}

10 15
Time (h)

20



Experimental results (2)
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Fig. 4 A 100-topic LDA inference: (a) PubMed (A = 100): (b) Wikipedia (M = 100): (c¢) PubMed (Af = 500);
(d) Wikipedia (M = 500)



Conclusions

« We developed a novel online inference algorithm for

LDA, namely moving average stochastic variational
inference.

* The experimental results showed that the proposed
algorithm outperforms the state-of-the-art SVI and
SGRLD.
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