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Figure 4: Convergence properties for single and multi-machine LDA. The single machine results were carried
out on 1 million documents whereas the multi-machine results were obtained on 100 machines on the full
datasets. From left to right: (single machine, pubmed), (single machine, news), (multi machine, pubmed),
(multi machine, news).

5.3 Model Quality
Obviously there is no point in parallelizing inference if

the model quality should su�er. Hence we computed the
log-likelihood scores for increasing sample size. Using 2M
documents (see Table 4) we see that the log-likelihood scores
remain constant or possibly increase ever so slightly. This
increase is likely due to the fact that (for reasons of con-
venience) we optimize over � separately for each computer,
hence small changes in the distribution of topics between
di�erent chunks of data are likely exploited by slightly dif-
ferent optimal values of �.

computers model documents total
1 -2.1136e+09 -1.1946e+09 -3.3082e+09
5 -2.0812e+09 -1.2143e+09 -3.2954e+09
10 -2.0681e+09 -1.2110e+09 -3.2880e+09
20 -2.0631e+09 -1.2238e+09 -3.2869e+09

Table 4: Log-likelihood for 2m news documents after
1000 sampling iterations.

We see the latter as a feature of our system (rather than
a defect): in practice it is not uncommon to receive data ob-
tained from di�erent sources (e.g. Wikipedia vs. high quality
webpages vs. general web). While we may wish to analyze all
data based on the same language model, it is quite likely that
the distribution of topics di�ers between these sources. In
this case, a di�erent prior over topic distributions per group
is a natural statistical modelling choice. Figure 4 shows
convergence in log-likelihood for single machine and multi-
machine runs. Note that initial convergence of the overall
model is slightly slower since it takes some time to syn-
chronize the language model between the computers | the
document likelihood peaks around 25-50 documents. This
is partly also due to the fact that we optimize the document
model (i.e. the � parameters) only every 25 iterations.

6. SUMMARY AND DISCUSSION
In this work we proposed two novel parallelization paradigms

for Latent Dirichlet Allocation: a decoupling between sam-
pling and state updates for multicore and a blackboard ar-
chitecture to deal with state synchronization for large clus-
ters of workstations. We believe that of those two innova-
tions the blackboard architecture is the more signi�cant one
as it is entirely general and can be used to address general
large scale systems which share a common state. This work
is complementary to recent progress on e�cient inference in
graphical models [5]. The latter focus on message passing

algorithms where the entire model is small enough to �t into
(distributed) main memory whereas our approach is specif-
ically geared towards models where only an intersection of
shared state variables needs to be exchanged and where the
data considerably exceeds the amount of memory available
for estimation.

In this sense a combination of [5] and the blackboard style
approach presented in this paper are a good �t, allowing
one to solve inference problems e�ciently in memory when-
ever they are small enough to �t into main memory and to
decompose the remainder via a set of tightly coupled (via
asynchronous communication) cluster nodes.
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