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Abstract

Distributed learning is a problem of fundamental interashiachine learning and
cognitive science. In this paper, we present asynchronistiibdited learning al-
gorithms for two well-known unsupervised learning framekgo Latent Dirichlet
Allocation (LDA) and Hierarchical Dirichlet Processes (AP In the proposed
approach, the data are distributed acrfsprocessors, and processors indepen-
dently perform Gibbs sampling on their local data and comoata their infor-
mation in a local asynchronous manner with other processtdes demonstrate
that our asynchronous algorithms are able to learn glolpat tmodels that are
statistically as accurate as those learned by the standa&dabhd HDP samplers,
but with significant improvements in computation time andwoey. We show
speedup results on a 730-million-word text corpus using re2gssors, and we
provide perplexity results for up to 1500 virtual processdss a stepping stone in
the development of asynchronous HDP, a parallel HDP sarig#éso introduced.

1 Introduction

Learning algorithms that can perform in a distributed alyorous manner are of interest for several
different reasons. The increasing availability of multtpessor and grid computing technology
provides an immediate and practical motivation to deve&sning algorithms that are able take
advantage of such computational resources. Similarlyinttieasing proliferation of networks of
low-cost devices motivates the investigation of distrdaliearning in the context of sensor networks.
On a deeper level, there are fundamental questions abdtibdied learning from the viewpoints
of artificial intelligence and cognitive science.

In this paper, we focus on the specific problem of developsygehronous distributed learning algo-
rithms for a class of unsupervised learning techniquesipally LDA [1] and HDP [2] with learn-

ing via Gibbs sampling. The frameworks of LDA and HDP haveergly become popular due to
their effectiveness at extracting low-dimensional repngations from sparse high-dimensional data,
with multiple applications in areas such as text analysis@mputer vision. A promising approach
to scaling these algorithms to large data sets is to dig&ithe data across multiple processors and
develop appropriate distributed topic-modeling algani#{3, 4, 5]. There are two somewhat distinct
motivations for distributed computation in this context) fo address the memory issue when the
original data and count matrices used by the algorithm ektte®main memory capacity of a single
machine; and (2) using multiple processors to significasplyed up topic-learning, e.g., learning a
topic model in near real-time for tens of thousands of doatseeturned by a search-engine.

While synchronous distributed algorithms for topic modelgenbeen proposed in earlier work, here
we investigatasynchronous distributed learning of topic models. Asynchronous aldonis provide
several computational advantages over their synchronowisterparts: (1) no global synchroniza-
tion step is required; (2) the system is extremely faulkeftaht due to its decentralized nature; (3)
heterogeneous machines with different processor speetimamory capacities can be used; (4)
new processors and new data can be incorporated into trensgstany time.

Our primary novel contribution is the introduction of newyashronous distributed algorithms for
LDA and HDP, based on local collapsed Gibbs sampling on eamtepsor. We assume an asyn-



chronous “gossip-based” framework [6] which only allowsrwése interactions between random
processors. Our distributed framework can provide sulistanemory and time savings over single-
processor computation, since each processor only neettsé@sd perform Gibbs sweeps O@h

of the data, wheré is the number of processors. Furthermore, the asynchrapprsach can scale
to large corpora and large numbers of processors, sincehalglynchronization steps are required.
While building towards an asynchronous algorithm for HDPalg® introduce a novel synchronous
distributed inference algorithm for HDP, again based otapsked Gibbs sampling.

In the proposed framework, individual processors perfoitb&sampling locally on each processor
based on a noisy inexact view of the global topics. As a reseult algorithms are not necessarily
sampling from the proper global posterior distribution.nétheless, as we will show in our experi-
ments, these algorithms are empirically very robust andege rapidly to high-quality solutions.

We first review collapsed Gibbs sampling for LDA and HDP. Thendescribe the details of our
distributed algorithms. We present perplexity and speedaplts for our algorithms when applied
to text data sets. We conclude with a discussion of relate#t aod future extensions of our work.

2 A brief review of topic models

&

Before delving into the details of our distributed algomith, we first |§_|
describe the LDA and HDP topic models. In LDA, each docunjésit
@)

)

modeled as a mixture ovéf topics, and each topicis a multinomial

distribution, ¢,,;, over a vocabulary of’ words'. Each topicg., @
is drawn from a Dirichlet distribution with parametgr In order N N

to generate a new documery,; is first sampled from a Dirichlet @ I NjJ @ I Nj
distribution with parametes. For each tokern in that document, a
topic assignment;; is sampled frond;, and the specific word,; is  Figure 1: Graphical models
drawn from¢,, .. The graphical model for LDA is shown in Figuré&or LDA (left) and HDP (right).
1, and the generative process is below:

Orj~ Dla]  ¢uwr~ Dl zij~0k;  Tij~ buzy, -
Given observed data, it is possible to infer the posteristritiution of the latent variables. One

can perform collapsed Gibbs sampling [7] by integrating éyytand ¢,,,. and sampling the topic
assignments in the following manner:
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Ny denotes the number of word tokens of typeassigned to topic, while N;, denotes the
number of tokens in documepssigned to topié. N~ denotes the count with tokeér removed.

N+ iy
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The HDP mixture model is composed of a hierarchy of Diricpieticesses. HDP is similar to LDA
and can be viewed as the model that results from taking theitmfiimit of the following finite
mixture model. Letl. be the number of mixture components, ghdoe top level Dirichlet variables
drawn from a Dirichlet distribution with parametey L. The mixture for each documerty;, is
generated from a Dirichlet with parametes;.. The multinomial topic distributions,,;, are drawn
from a base Dirichlet distribution with parametgrAs in LDA, z;; is sampled front;;, and word
x;; is sampled fromp,,., ;. If we take the limit of this model as goes to infinity, we obtain HDP:

ﬂk’ ~ D[’Y/L] 91@71 ~ D[O‘ﬂk} (bw,k ~ D[ﬁ] Zij ™~ ng Tij ~ ¢U},Z:Lj'
To sample from the posterior, we follow the details of theedirassignment sampler for HDP [2].
Both 6;; and ¢, are integrated out, ane; is sampled from a conditional distribution that is
almost identical to that of LDA, except that a small amounpuafbability mass is reserved for the
instantiation of a new topic. Note that although HDP is defiteehave an infinite number of topics,
the only topics that are instantiated are those that araictised.

3 Asynchronousdistributed learning for the L DA model

We consider the problem of learning an LDA model withtopics in a distributed fashion where
documents are distributed acra3grocessors. Each procespatores the following local variables:

To avoid clutter, we writeb,.;, or 0x; to denote the set of all components, {é.,x } or {0x;}. Similarly,
when sampling from a Dirichlet, we writd.; ~ D[a ] instead ofl1 ;, .0k ;] ~ D{[afr, .., afk].



wfj contains the word type for each tokémn document;j in the processor, anff; contains the

assigned topic for each tokerV, 7 is the global word-topic count matrix stored at the processo
this matrix stores counts of other processors gathereagitiie communication step and does not
include the processor’s local counts/flfj is the local document-topic count matrix (derived from

zP), N? is the simple word count on a processor (derived fiof), andN?, is the local word-topic
count matrix (derived from? andw?) which only contains the counts of data on the processor.

Newman et al. [5] introduced a parallel version of LDA basactollapsed Gibbs sampling (which
we will call Parallel-LDA). In Parallel-LDA, each processreceives% of the documents in the
corpus and the’s are globally initialized. Each iteration of the algorittis composed of two steps:
a Gibbs sampling step and a synchronization step. In thelsegrgiep, each processor samples its
local z? by using the global topics of the previous iteration. In thechronization step, the local
countsN?, on each processor are aggregated to produce a global serdftopic countsV,,,.
This process is repeated for either a fixed number of iteratay until the algorithm has converged.

Parallel-LDA can provide substantial memory and time sgsirHowever, it is a fully synchronous

algorithm since it requires global synchronization at eiéefation. In some applications, a global

synchronization step may not be feasible, e.g. some proessay be unavailable, while other

processors may be in the middle of a long Gibbs sweep, dudfératices in processor speeds. To
gain the benefits of asynchronous computing, we introducsgnchronous distributed version of
LDA (Async-LDA) that follows a similar two-step process twat above. Each processor performs
a local Gibbs sampling step followed by a step of communigatiith another random processor.

For Async-LDA, during each iteration, the processors penfa full sweep of collapsed Gibbs
sampling over their local topic assignment variabiésccording to the following conditional dis-
tribution, in a manner directly analogous to Equation 1,

(V24 N 0 (i 1 ).
Pw(NTP+ NP) G+ W

The combination ofV, ¥ and N”, is used in the sampling equation. Recall thg]} represents
processop’s belief of the counts of all the other processors with whidtas already communicated
(not including processap’s local counts), whileN?, 'is the processor’s local word-topic counts.
Thus, the sampling of the”’s is based on the processor’s “noisy view” of the global $ebpics.

)

P(zpij = k|z;ij,wp) o<

Once the inference of? is complete (andV”, is up- Algorithm 1 Async-LDA
dated), the processor finds another finished processor &
initiates communicatioh We are generally interested in reoeat

the case where memory and communication bandwidth epSampIezp locally (Equation 2)
are both limited. We also assume in the simplified gos- ReceiveN?, from random prog
sip scheme that a processor can establish communication SendN?, to procg

with every other processor — later in the paper we also  if p has mey beforethen

%r each processgrin paralleldo

discuss scenarios that relax these assumptions. N.? < N? — N? + N?,
In the communication step, let us consider the case where NP NP4 N9

two processorsp and g have never met before. In this end i whe Tk

case, processors simply exchange their I0¢3]’s (their until convergence

local contribution to the global topic set), and procegsor end for
simply adds\V?, toits N} , and vice versa.

Consider the case where two processors meet again. Thespaosshould not simply swap and add
their local counts again; rather, each processor shoutdéinsove fromV,_? the previous influence
of the other processor during their previous encounterdeioto prevent processors that frequently
meet from over-influencing each other. We assume in the genase that a processor does not
store in memory the previous counts of all the other proagsstbat processagr has already met.
Since the previous local counts of the other processor wezady absorbed intd/, 7 and are thus
not retrievable, we must take a different approach. In AdyiDé, the processors exchange their
Npk s, from which the count of words on each proces9@f, can be derived. Using processgs

Ng, processop createst}k, by sampling/NJ topic values randomly without replacement from

2\We don't discuss in general the details of how processors might identkigr processors that have finished
their iteration, but we imagine that a standard protocol could be used,2iRe P



collection{N,_7}. We can imagine that there ay€, V7 colored balls, withV_7 balls of colork,
from which we pick/Vg balls uniformly at random without replacement. This precesequivalent
to sampling from a multivariate hypergeometric distributi Ng,k acts as a substitute for thé’,
that processop received during their previous encounter. Since all kndgte of the previous
N?, is lost, this method can be justified by Laplace’s princidiéndifference (or the principle of

-p

maximum entropy). Finally, we updafé_; by subtractingl(ffm and adding the current?, :
N&— N¥— NI +Ni, where NI, ~MHI[Ng; N, . NB]. (3)

w,1

Pseudocode for Async-LDA is provided in the display box fdgdkithm 1. The assumption of
limited memory can be relaxed by allowing processors to €gehvious counts of other processors
— the cachedV?, would replaceN? . We can also relax the assumption of limited bandwidth.
Processop could forward its individual cached counts (from other @®sors) tg, and vice versa,

to quicken the dissemination of information. In fixed togpés where the network is not fully
connected, forwarding is necessary to propagate the cacmss the network. Our approach can
be applied to a wide variety of scenarios with varying membandwidth, and topology constraints.

4 Synchronous and asynchronousdistributed learning for the HDP model

Inference for HDP can be performed in a distributed manneveds Before discussing our asyn-
chronous HDP algorithm, we first describe a synchronoudlpbiraference algorithm for HDP.

We begin with necessary notation for HDPs:is the concentration parameter for the top level
Dirichlet Process (DP)y is the concentration parameter for the document leveldRB, are top-
level topic probabilities, ang is the Dirichlet parameter for the base distribution. Thapical
model for HDP is shown in Figure 1.

We introduce Parallel-HDP, which is analogous to Pardl@h except that new topics may be
added during the Gibbs sweep. Documents are again digtdlautoss the processors. Each proces-
sor maintains locab} parameters which are augmented when a new topic is localjted. During

the Gibbs sampling step, each processor locally sampleg’ttapic assignments. In the synchro-
nization step, the local word-topic coumi§, are aggregated into a single matrix of global counts
N, and the local3}’s are averaged to form a glob&l. Thea, 3, and~ hyperparameters are
also globally resampled during the synchronization stepe-Teh et al. [2] for details. We fix to

be a small constant. Whilke and~ can also be fixed, sampling these parameters improves the rat
of convergence. To facilitate sampling, relatively flat gaanpriors are placed amand~. Finally,
these parameters and the global count matrix are distdthaek to the processors.

Algorithm 2 Parallel-HDP Algorithm 3 Async-HDP
repeat for each processgrin paralleldo
for each processgrin paralleldo repeat
Samplez? locally Samplez? and them?, 52, 4P locally
SendN?, , 5} to master node ReceiveN? , o, 87 from random prog
end for SendN?”, , o, 3 to procg
Nuwk < 32, Noy if p has mey beforethen
Resampley, 3, v globally else
Distribute Ny, o, Bk, 7 to all processors N < Ngp +NJ,
until convergence end if

o — (a? +a?) /2 and B — (By +B7) 12
until convergence
end for

Motivated again by the advantages of local asynchronousragritation between processors, we
propose an Async-HDP algorithm. It is very similar in spiatAsync-LDA, and so we focus on the
differences in our description. First, the sampling equator =7 is different to that of Async-LDA,
since some probability mass is reserved for new topics:
(N"P4NP) Y4y ( —ij
Y (NP4 NP) Y Wy 7 pik

wk

+ apﬂg) , ifk<K,
P(zpij = k|2, ,wp) o

o Biew

At if kis new.



KOS NIPS NYT PUBMED
Total number of documents in training set 3,000 1,500 300,000 8,200,000
Size of vocabulary 6,906 12,419 102,660 141,043
Total number of words 410,595| 1,932,365| 99,542,125| 737,869,083
Total number of documents in test set 430 184 - -

Table 1:Data sets used for perplexity and speedup experiments
We resample the hyperparametefs 37, 7* locally® during the inference step, and kegfixed.

In Async-HDP, a processor can add new topics to its collaatioring the inference step. Thus,
when two processors communicate, the number of topics dnacessor might be different. One
way to merge topics is to perform bipartite matching acrbsswo topic sets, using the Hungarian
algorithm. However, performing this topic matching stegpoges a computational penalty as the
number of topics increases. In our experiments for Asyné] Parallel-HDP, and Async-HDP, we
do not perform topic matching, but we simply combine thedsgin different processors based their
topic IDs and (somewhat surprisingly) the topics gradusdlif-organize and align. Newman et al.
[5] also observed this same behavior occurring in Parall#.

During the communication step, the count$, and the parameters’ and/3;, values are exchanged
and merged. Async-HDP removes a processor’s previous imdfiuhrough the same MH technique
used in Async-LDA. Pseudocode for Async-HDP is providechmdisplay box for Algorithm 3.

5 Experiments

We use four text data sets for evaluation: KOS, a data setetkfiom blog entries (dailykos.com);
NIPS, a data set derived from NIPS papers (books.nips.c¥)f, M collection of news articles

from the New York Times (nytimes.com); and PUBMED, a largdlemtion of PubMed abstracts

(ncbi.nim.nih.gov/pubmed/). The characteristics of éesir data sets are summarized in Table 1.

For our perplexity experiments, parallel processors wimellsted in software and run on smaller
data sets (KOS, NIPS), to enable us to test the statistiméisliof our algorithms. Actual parallel
hardware is used to measure speedup on larger data sets PNNBMED). Our simulation features
a gossip scheme over a fully connected network that letsgadessor communicate with one other
random processor at the end of every iteration, e.g., Rith00, there are 50 pairs at each iteration.

In our perplexity experiments, the data set is separatedifraining set and a test set. We learn our
models on the training set, and then we measure the perfem@rour algorithms on the test set
using perplexity, a widely-used metric in the topic modglaommunity.

We briefly describe how perplexity is computed for our modélsrplexity is simply the exponen-
tiated average per-word log-likelihood. For each of ourezitpents, we perforny = 5 different
Gibbs runs, with each run lasting 1500 iterations (unleksmitise noted), and we obtain a sample
at the end of each of those runs. The 5 samples are then asevligen computing perplexity. For
Parallel-HDP, perplexity is calculated in the same way agandard HDP:

S

1 - )
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After the model is run on the training dai&;,,, is available in sample. To obtainéjk, one must
resample the topic assignments on the first half of each dectin the test set while hOldiﬂﬁka
fixed. Perplexity is evaluated on the second half of eachmecti in the test set, givefy,, andf?, .

The perplexity calculation for Async-LDA and Async-HDP agbe same formula. Since each pro-
cessor effectively learns a separate local topic model, avedirectly compute the perplexity for
each processor’s local model. In our experiments, we regheréiverage perplexity among proces-
sors, and we show error bars denoting the minimum and maxiparpiexity among all processors.
The variance of perplexities between processors is usgaitg small, which suggests that the local
topic models learned on each processor are equally accurate

For KOS and NIPS, we used the same settings for priors andypes: « = 0.1, n = 0.01 for
LDA and Async-LDA, and) = 0.01, v ~ Gam(10, 1), anda ~ Gam(2, 1) for the HDP algorithms.

3Samplinga®, BY, ~* requires a global view of variables like.r, the total number of “tables” serving
“dish” k [2]. These values can be asynchronously propagated in the santbatalye counts are propagated.
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Figure 2:(a) Left: Async-LDA perplexities on KOS. (b) Middle: Async-LDA péegities on NIPS. (c) Right:
Async-LDA perplexities on KOS with many procs. Cache=5 wherlB0. 3000 iterations run wher>500.

5.1 Async-L DA perplexity and speedup results

Figures 2(a,b) show the perplexities for Async-LDA on KO8 8HPS data sets for varying numbers
of topics. The variation in perplexities between LDA and AsyLDA is slight and is significantly
less than the variation in perplexities as the number ottofi is changed. These numbers suggest
that Async-LDA converges to solutions of the same qualitytandard LDA. While these results are
based on a single test/train split of the corpus, we havepgdormed cross-validation experiments
(results not shown) which give essentially the same reagltsss different test/train splits.

We also stretched the limits of our algorithm by increasindge.g. for P=1500, there are only
two documents on each processor), and we found that penfmenaas virtually unchanged (figure
2(c)). As a baseline we ran an experiment where processees cemmunicate. As the number of
processors’ was increased from 10 to 1500 the corresponding perplexit@eased from 2600 to
5700, dramatically higher than our Async-LDA algorithnglicating (unsurprisingly) that processor
communication is essential to obtain good quality modeigurie 3(a) shows the rate of convergence
of Async-LDA. As the number of processors increases, treeagbtonvergence slows, since it takes
more iterations for information to propagate to all the gs=ors. However, it is important to note
that one iteration in real time of Async-LDA is up & times faster than one iteration of LDA. We
show the same curve in terms of estimated real time in figurg, Zssuming a parallel efficiency of
0.5, and one can see that Async-LDA converges much more lgultdn LDA. Figure 3(c) shows
actual speedup results for Async-LDA on NYT and PUBMED, amel $peedups are competitive
to those reported for Parallel-LDA [5]. As the data set sim@ng, the parallel efficiency increases,
since communication overhead is dwarfed by the sampling.tim

In Figure 3(a), we also show the performance of a baselinechsgnous averaging scheme, where
global counts are averaged togeth®T;, — (N7 + N_7)/d+ NJ,. To prevent unbounded count
growth, d must be greater tha?, and so we arbitrarily set to 2.5. While this averaging scheme
initially converges quickly, it converges to a final solutithat is worse than Async-LDA, regardless
of the setting ford.

The rate of convergence for Async-LDR=100 can be dramatically improved by letting each pro-
cessor maintain a cache of previadi§, counts of other processors. Figures 3(a(l»5, show the
improvement made by letting each processor cache the fiveremently seeV? 's. Note that we
still assume a limited bandwidth — processors do not fonidd/idual cached counts, but instead
share a single matrix of combined cache counts that helpgriwessors to achieve faster burn-in
time. In this manner, one can elegantly make a tradeoff battiene and memory.
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Figure 3:(a) Left: Convergence plot for Async-LDA on KOS, K=16. (b) Middi8ame plot with x-axis as
relative time. (c) Right: Speedup results for NYT and PUBMED on a clussiéng Message Passing Interface.
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Figure 4:(a) Left: Perplexities for Parallel-HDP and Async-HDP. Cache=5 tisedsync-HDP P=100. (b)
Middle: Convergence plot for Parallel-HDP on KOS. (c) Right: Coneerg plot for Async-HDP on KOS.

5.2 Parallel-HDP and Async-HDP results

Perplexities for Parallel-HDP after 1500 iterations areve in figure 4(a), and they suggest that
the model generated by Parallel-HDP has nearly the samefvedgower as standard HDP. Figure
4(b) shows that Parallel-HDP converges at essentially dngesrate as standard HDP on the KOS
data set, even though topics are generated at a slower mgisrow at a slower rate in Parallel-
HDP since new topics that are generated locally on each gsocare merged together during each
synchronization step. In this experiment, while the nunddopics is still growing, the perplexity
has converged, because the newest topics are smaller arat digmificantly affect the predictive
power of the model. The number of topics does stabilize #fiansands of iterations.

Perplexities for Async-HDP are shown in figures 4(a,c) ad.w@h the NIPS data set, there is a
slight perplexity degradation, which is partially due tangptimal parameter settings farand-y.
Topics are generated at a slightly faster rate for Async-kzin for Parallel-HDP because Async-
HDP take a less aggressive approach on pruning small tapiese processors need to be careful
when pruning topics locally. Like Parallel-HDP, Async-HB&nverges rapidly to a good solution.

5.3 Extended experimentsfor realistic scenarios

In certain applications, it is desirable to learn a topic elddcrementally as new data arrives. In
our framework, if new data arrives, we simply assign the newado a new processor, and then
let that new processor enter the “world” of processors witticlv it can begin to communicate.
Our asynchronous approach requires no global initiabratr global synchronization step. We
do assume a fixed global vocabulary, but one can imagine sherhich allow the vocabulary to
grow as well. We performed an experiment for Async-LDA wheeeintroduced 10 new processors
(each carrying new data) every 100 iterations. In the firStif€rations, only 10% of the KOS data
is known, and every 100 iterations, an additional 10% of theds added to the system through
new processors. Figure 5(a) shows that perplexity decsessmore processors and data are added.
After 1000 iterations, the perplexity of Async-LDA has cenyed to the standard LDA perplexity.
Thus, in this experiment, learning in an online fashion dussadversely affect the final model.

In the experiments previously described, documents werdoraly distributed across processors.
In reality, a processor may have a document set specializedly a few topics. We investigated

Async-LDA's behavior on a non-random distribution of doents over processors. After running
LDA (K=20) on NIPS, we used the inferred mixturés, to separate the corpus into 20 different
sets of documents corresponding to the 20 topics. We asbi@gsets of documents to each of 10
processors, so that each processor had a document set thap@aalized to 2 topics. Figure 5(b)
shows that Async-LDA performs just as well on this non-randtstribution of documents.

3000 3000 I 3000

10%—LDA —LDA —LDA
-©-Async-LDA P=100 —+Async-LDA P=10 Random -B-Async-LDA P=10 (Balanced)
—Async-LDA P=100 (Online) -B-Async-LDA P=10 Non-Random -©-Async-LDA P=10 (Imbalanced)
2500 > 2500} ~ 2500
3 o 3 3
2 . 30% = :
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2 2000 & 2 2000
1500, 200 400 600 800 1000 0 100 200 300 400 500 15005 200 400 600 800 1000
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Figure 5:(a) Left: Online learning for Async-LDA on KOS, K=16. (b) Middle: Cgaring random vs. non-
random distribution of documents for Async-LDA on NIPS, K=20. (éyiR: Async-LDA on KOS, K=16,
where processors have varying amounts of data. In all 3 casescA$YA converges to a good solution.



Another situation of interest is the case where the amouthataf on each processor varies. KOS was
divided into 30 blocks of 100 documents and these blocks a&signed to 10 processors according
to a distribution:{7,6,4,3,3,2,2,1,1,1}. We assume that if a processor faslocks, then it will
take k units of time to complete one sampling sweep. Figure 5(cjvshbat this load imbalance
does not significantly affect the final perplexity achievédore generally, the tim&’, that each
processolp takes to perform Gibbs sampling dictates the communicagiaph that will ensue.
There exist pathological cases where the graph may be discted due to phase-locking (e.g. 5
processors with timeg = {10, 12, 14, 19, 20} where P1, P2, P3 enter the network at time 0 and P4,
P5 enter the network at time 34). However, the graph is gteearto be connected over timeTif

has a stochastic component (e.g. due to network delaysasamable assumption in practice.

In our experiments, we assumed a fully connected networkaxfgssors and did not focus on other
network topologies. After running Async-LDA on both a 10xb@d grid network and a 100 node
chain network on KOS{=16, we have verified that Async-LDA achieves the same pxitglas
LDA as long as caching and forwarding of cached counts odmetsgeen processors.

6 Discussion and conclusions

The work that is most closely related to that in this papetha of Mimno and McCallum [3]
and Newman et al. [5], who each propose parallel algorithongHe collapsed sampler for LDA.
In other work, Nallapati et al. [4] parallelize the variatad EM algorithm for LDA, and Wolfe
et al. [8] examine asynchronous EM algorithms for LDA. Thamnary distinctions between our
work and other work on distributed LDA based on Gibbs sangpéire that (a) our algorithms use
purely asynchronous communication rather than a globasymous scheme, and (b) we have also
extended these ideas (synchronous and asynchronous) toiti®generally, exact parallel Gibbs
sampling is difficult to perform due to the sequential natffICMC. Brockwell [9] presents a pre-
fetching parallel algorithm for MCMC, but this techniqueniat applicable to the collapsed sampler
for LDA. There is also a large body of prior work on gossip aitons (e.g., [6]), such as Newscast
EM, a gossip algorithm for performing EM on Gaussian mixtesaning [10].

Although processors perform local Gibbs sampling baseahexaict global counts, our algorithms
nonetheless produce solutions that are nearly the samatasf 8tandard single-processor samplers.
Providing a theoretical justification for these distriligdgorithms is still an open area of research.

We have proposed a new set of algorithms for distributechiegrof LDA and HDP models. Our
perplexity and speedup results suggest that topic modelbe&dearned in a scalable asynchronous
fashion for a wide variety of situations. One can imaginealgorithms being performed by a large
network of idle processors, in an effort to mine the terabgtidnformation available on the Internet.
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