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ABSTRACT
There are only few data mining algorithms that work in
a massively parallel and yet online (i.e. incremental) fash-
ion. A combination of both features is essential for min-
ing of large data streams and adds scalability to the con-
cept of Online Aggregation introduced by J. M. Hellerstein
et al. in 1997. We show how an online version of the Map-
Reduce programming model can be used to implement such
algorithms, and propose a solution for the “hardest” class
of these algorithms - those requiring multiple Map-Reduce
phases. An experimental evaluation confirms that the pro-
posed methods can substantially accelerate interactive anal-
ysis of large data sets and facilitate scalable stream mining.

Categories and Subject Descriptors
H.3.4 [Systems and Software]: Data Mining

General Terms
Algorithms, Measurement, Performance

Keywords
Map-Reduce, Stream Mining, Machine Learning

1. INTRODUCTION
Since the early days of computing, users were interested

in reducing time between job submission and obtaining re-
sults. For example, in interactive data analysis the operator
typically chooses next exploration steps based on the result
of the last query [18, 5]. The overall speed of such an analy-
sis depends critically on the Time-to-Solution, i.e. the query
response time.

Parallel and distributed processing has been the major
tool to face the challenges of reducing this time, especially
when very large data sets or computationally-intensive algo-
rithms are involved. The Map-Reduce programming model
has recently become a primary choice for fault-tolerant and
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massively parallel data crunching [7, 3]. The drawback of
established Map-Reduce implementations is that they work
only in batch mode and do not allow stream processing or
exploiting of preliminary results.

Online Aggregation is an alternative approach to reduce
the Time-to-Solution [14, 13]. This technique, developed
in the context of databases, allows monitoring of prelimi-
nary results of an aggregation query along with estimates
on the result’s error intervals. Among others, this empow-
ers a user to stop or modify a running task if the accuracy of
a preliminary result is sufficient, or conversely, if the result
is likely to be meaningless. The current implementation of
this technique (notably, as a prototype for PostgreSQL) has
only limited scalability as parallel processing is not used.
Furthermore, it requires potentially complex analytical for-
mulas to compute error intervals for each type of aggregation
operator.

Combining both approaches - i.e. the Map-Reduce-based
processing and exploiting of preliminary results - gives a
data analyst two knobs for reducing the Time-to-Solution:
either by increasing the degree of parallelism or by a more
aggressive usage of early results. If used together, these tools
promise scalability beyond the capacities of today’s systems.
This goal is targeted by a recent extension of the open-source
Hadoop framework which allows online distributed compu-
tations under the Map-Reduce model [6].

We propose an alternative implementation (devised and
developed independently) of an online Map-Reduce frame-
work under the shared-memory architecture. The focus of
our study is not on large-scale framework architecture (con-
trary to [6]) but on the challenges of parallel data analytics.
These challenges include:

• Support for estimating the convergence of the prelimi-
nary results in an algorithm-independent way and de-
tailed progress reporting.

• Adaptation of data mining algorithms for incremental
processing with Map-Reduce. Special focus is given
to algorithms which require multiple phases, such as
k-means [4].

Specifically, our contributions are the following:

• We propose a shared-memory Map-Reduce framework
which works in an online fashion. In addition to finite
data sets it is capable to process data streams.

• We provide a set of architectural extensions to estimate
the convergence of preliminary results and to monitor
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Figure 1: Architecture of the online Map-Reduce
framework

scheduling fairness via detailed reporting of the pro-
cessing progress. Contrary to aggregation-specific es-
timation of error intervals in [14] our approach works
with any algorithm and does not make any assump-
tions on the data distribution.

• We propose a further modification of the online Map-
Reduce architecture to handle algorithms which re-
quire multiple Map-Reduce phases. As a proof-of-
concept we design and evaluate a version of the k-
means clustering algorithm which runs in an incremen-
tal mode in our framework.

• We evaluate the potential of exploiting preliminary re-
sults under Map-Reduce and the convergence estima-
tion tools on several algorithms (word count, linear re-
gression, PCA, Naive Bayes, k-means). Our evaluation
indicates that (for our data sets) using preliminary re-
sults can reduce the processing time by 50%-70% with
a moderate quality degradation.

Paper structure. In Section 2 we present the architecture
of our shared-memory online Map-Reduce framework. Sec-
tion 3 describes data mining algorithms and their adaptation
to our framework. Section 4 is devoted to the experimental
evaluation. Section 5 discusses related work. We conclude
with Section 6.

2. ONLINE MAP-REDUCE FRAMEWORK
The Map-Reduce programming model [7] has recently be-

come the tool of choice for fault-tolerant distributed process-
ing of massive data sets. Google’s proprietary implementa-
tion was followed by open-source projects such as Hadoop
and extensions like Dryad [15]. In essence, there are three
processing steps under this model. First, input data is par-
titioned and processed independently by map tasks, with
each one emitting a list of <key, value> pairs as output. In
the second step these pairs are grouped by keys, yielding
for each unique key k a list value1, . . . , valuet of all values
belonging to the same key k. In step three, the “per-key”
lists are processed independently by reduce tasks, which col-
lectively create the final output of one Map-Reduce phase.
Note, that many algorithms require multiple such phases
to complete. The primary reason why existing Map-Reduce
implementations work only in batch mode is that the output
of map tasks is completely written to the file system before
commencing step two (grouping by keys).

2.1 Architecture
In order to access and utilize preliminary processing re-

sults (i.e. those obtained on a part of the input data) we have
implemented a shared-memory Map-Reduce framework, see

Figure 1. While this type of architecture allows only lim-
ited scalability, our framework is primarily intended as a
testbed for implementing and evaluating incremental, par-
allel data mining algorithms. As these algorithms are de-
signed to work under any degree of parallelism, the presented
approaches will achieve full scalability and fault-tolerance
when deployed on distributed frameworks such as Hadoop
Online [6].

Our framework has several differences compared to a batch
system. First, input data for the map tasks can be either
read in from files or from data streams. These mappers out-
put <key k, value> pairs periodically and as events. The
“group by key” step is implemented as a hash map (dictio-
nary) mechanism, where each pair is immediately assigned
to the input queue of a unique reducer corresponding to
k. Also reducers output their results regularly (after hav-
ing processed a specified amount of input). These partial
results are collected in a new component called “collector”
which computes a preliminary (or final) result used for con-
vergence estimation and optional visualization. The collec-
tor is also responsible for estimating the progress of compu-
tation in non-streaming mode, see Section 2.2. The number
of individual results collected or aggregated before emitted
by a mapper (or reducer) is called mapper (reducer) bucket
size.

For the implementation we used the actor library of the
Scala programming language. This allows to have a very
high number of map tasks (on the order of millions). The
same mechanism is applied to reducers, allowing the conve-
nience of having only one key per reducer.

2.2 Progress and Convergence Estimation
When deployed in a non-streaming mode, our framework

allows a user to take decisions about the current processing
step before all input data is processed. The corresponding
actions might include:

• Cancelling of the whole processing if already prelimi-
nary results are meaningless or of low-quality.

• Accepting an intermediate result (and stopping further
processing) if its accuracy is sufficient.

• Preparation of further analysis steps based on prelim-
inary results.

In order to balance the risks of using a preliminary result
against the benefits of an accelerated computation, two ques-
tions need to be answered: “To what degree is the result
likely to change if all data is processed?” and “How much
time can be saved if the current result is used?”. Our frame-
work helps to answer these questions by providing mecha-
nisms for monitoring the convergence of the results and the
processing progress. To use these mechanism, an algorithm’s
designer (called subsequently a user) needs to provide (a
small amount of) own code which takes care of algorithm’s
specifics.

To support estimation of processing progress, we provide
as a part of the collector API, information on the relative
progress for all existing reducers. Note, that the set of all
reducers corresponds to the set of all keys emitted by any
mapper (up to current time). For a reducer with key k, a
user’s code can query (among others) its relative progress:
an estimate which fraction of all values value1, . . . , valuet
corresponding to k has been processed so far by this reducer.



To compute this estimate we monitor (i) the size of all input
data already processed by (all) mappers, and (ii) (for each
k) how many pairs with key k are emitted (collectively) by
the mappers per 1 kbyte of processed input.

This information is much more detailed than the progress
metric provided e.g. by Hadoop [6] but it is beneficial if (rel-
ative) progress of reducers is heterogeneous. For example,
in our linear regression algorithm we only have two keys A
and B, representing left and right side of a matrix equation
to be solved [4]. If the relative progress for A is 0.75 and
for B only 0.25, the preliminary result represents only 25%
of all data. In this case, user’s code should compute the
minimum of all “per-key” progress values to report the to-
tal progress, while for other algorithms different aggregation
functions (average, maximum) might be preferred.

2.2.1 Convergence Estimation
Our framework provides online plots to help the user in

estimating expected changes of the results in course of the
processing. These plots termed convergence curves show a
metric dif (explained below) against the processing progress
(x-axis), see Figure 4. The metric dif() ≥ 0 expresses an
algorithm-specific difference between two results. In more
detail, our collector API allows periodical computation and
storing of signatures sig(R) of an (intermediate) result R.
The signatures are introduced to save memory, and are im-
plemented by the user. They are either a full result (e.g. d
coefficients in linear regression, d small), or a compact rep-
resentation of a result or its quality (e.g. frequencies of most
common 100 words in a word count algorithm). The metric
dif() takes as arguments two signatures and computes their
“distance” as a scalar. If sig(R) is a vector, dif is likely to
be implemented as an Euclidean distance. For scalar signa-
tures, dif is the absolute difference.

Currently we plot values dif(sig(Ri), sig(RF )), where RF

is the last known result, and Ri iterates over periodically
sampled intermediate results from the oldest one until RF .
A user typically uses the slope of the convergence curve to
assess the degree by which the result is still likely to change.
While this approach is generic enough to work with any
type of algorithm, it has also a serious drawback: it does
not support to assess the absolute accuracy of the result via
mechanisms such as error intervals. We will address this
problem as a part of the future work.

2.3 Handling Multi-Phase Algorithms
Several popular machine learning algorithms have been

successfully adapted to the (batch) Map-Reduce model [4].
While conversion to online processing mode is easy for algo-
rithms which require only one Map-Reduce phase (see Sec-
tion 3.1), algorithms with multiple such phases (such as k-
means, EM, SVM) pose a challenge. Consider the following
naive approach of adapting to online processing. Let R be
a preliminary result of the 1st phase. In online mode, this
result is immediately used as the input to the 2nd phase.
When the processing of the 1st phase progressed, a new
output R′ is issued. If this output is used as a new input
for the 2nd phase, all the processing of R in the 2nd and
subsequent phases is wasted.

The idea of our approach is to “re-submit” preliminary
results to the mappers as a part of the input while having
only one running Map-Reduce phase. The implementation
requires only minor modifications of the framework shown
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in Figure 1: the APIs of the mappers are changed to receive
preliminary results (or some variations thereof) in form of
events. This solution is suitable for algorithms which re-
quire multiple phases due to some iterative computing pro-
cess. It is also beneficial for efficiency if the “re-submitted”
data has small size compared to the input data. Both condi-
tions apply in the case of the k-means clustering algorithm
(Section 3.2).

3. ALGORITHMS

3.1 One-Phase Algorithms
The design of data mining algorithms which require only

one Map-Reduce phase follows [4]. The general idea is to
decimate the size of the input files via computing some small-
size intermediate representation in the mappers. This com-
pact representation is forwarded to the reducers for aggrega-
tion, and finally to the collector for computation of the final
result. This is illustrated on the example of the Principal
Component Analysis (PCA).

Let matrix X with n rows and d columns represent our
input data, i.e. n data points of dimension d. A PCA task
boils down to computing the eigenvectors of the covariance
matrix Y = 1

n
XTX − µTµ (a d-by-d matrix), where µ is a

1-by-d vector with means for every column of X. We com-
pute A = 1

n
XTX and M = µTµ separately and in parallel.

Assuming that n � d, the “traditional” matrix multiplica-
tion (i.e. component-wise multiplication of ith row of XT

with jth column of X to obtain yi,j) is not scalable, as at
most d2 mappers could be used concurrently. Therefore,
for each data row xi (ith row of X) we compute a d-by-d
matrix Pi = xTi xi. This computation can be parallelized
by at most n mappers. The resulting matrices Pi are sent
“online” to the reducer 1, which simply adds them up and
periodically forwards this matrix sum

∑k
1 Pi (and the ma-

trix count k) to the collector. To compute µ, we just send
the xi’s from all the mappers to the reducer 2, which ag-
gregates them as Sj and records their current number j.
In the collector we compute the preliminary covariance ma-
trix Y ′ = 1

k

∑k
1 Pi− ( 1

j
ST
j )( 1

j
Sj), and the eigenvectors of Y ′



(note that we might have j 6= k). As d is small, the latter
computation is fast. We further optimize the communica-
tion cost: instead of sending each matrix Pi and each data
row xi, we aggregate them already in mappers according to
the mapper bucket size (Section 2.1).

3.2 Online K-Means Algorithm
The k-means algorithm groups a set of (numerical) d-

vectors into k clusters, where k is part of the input. This al-
gorithm is inherently interactive and requires in batch mode
multiple Map-Reduce phases [4]. The version proposed here
is an example of the approach described in Section 2.3. The
idea is based on the parallel k-means presented in [8]. Fig-
ure 2 gives an overview of the processing.

We assume that the output consists of k centroids (d-
vectors representing cluster centers) and not the grouping
of the data set (albeit this could be added easily). Input
data is partitioned into sets D1, . . . , Dn, each assigned to a
separate mapper. A result of the incremental processing (de-
scribed below) of a single mapper m is a set of k preliminary
centroids for the already received part of Dm. These results
are periodically sent to the (single) reducer. In more detail,
instead of a centroid of the ith cluster Cm

i (i = 1, . . . , k) of
mapper m, we send the vector sum Cm

i .sum of all points
assigned to Cm

i and their count Cm
i .num, see [8]. The re-

ducer computes from this data the global centroids: for the
ith of the k clusters its centroid is given as

1∑n
m=1 C

m
i .num

n∑
m=1

Cm
i .sum.

This data is periodically forwarded to the collector and also
“re-submitted” to the mappers as shown in Figure 2.

The essence of a single iteration in a mapper is analogous
to the batch algorithm in [8]. Given a local data set (part
of Di) and k global centroids, (1) assign each data point to
the closest centroid, and (2) for each cluster i = 1, . . . , k
update its centroid according to the (possibly new) point
assignment, see Figure 3. The problems of this schema in
the online setting are: we might not have enough memory to
record all points when processing streams, and computation
might become too expensive if the number of stored points
grows and input updates are frequent.

Both problems can be solved by limiting the number of
“historical” points to be stored. To this purpose we in-
troduce auxiliary clusters (AC ) which represent the input
points (the other k clusters are called now “big” clusters).
Upon arrival of a new point, either a new AC is created, or
it is added to a closest existing AC. Cluster creation hap-
pens only if the maximum number of ACs is not reached,
and the distance of the new point is larger than the average
distance between two ACs. If a point is added to an existing
AC, the vector sum of all points in this AC and their count
are updated.

When the update of the “big” clusters is initiated (see
Figure 3) and the computations (1) and (2) need to be per-
formed, the centroids of the ACs are treated as data points
yet weighted by the cardinality of respective AC. The num-
ber of ACs per mapper is usually much larger than k. This
number allows balancing between the degree of approxima-
tion and memory/CPU requirements.

4. EXPERIMENTAL RESULTS

Name Algorithm Data Set Size (MB) dif type

wc-g word count G 17000 MSE
lr-s lin. regression S1 7600 MSE

pca-s PCA S2 3800 MSE
nb-m Naive Bayes M 1.3 MR
nb-u Naive Bayes U 250 MR
km-c k-means C 363 MSE

Table 1: Pairs (algorithm, data set) used for exper-
iments

Our experiments consisted in running an algorithm with
one or more data sets (both specified below) in online mode
while recording values of the metric dif (Section 2.2.1) and
the time passed for each 1% of processed data. We have
also run these experiments in the offline mode (i.e. with
a very large mapper bucket size; for k-means in Matlab)
and recorded the total time. Apart from the k-means al-
gorithm this corresponds to batch processing as outlined in
[4]. Table 1 lists the pairs (algorithm, data set) used in the
experiments, where the data sets are:

G Texts of English Gutenberg Books1 from 03/23/2010

S1 Synthetically generated 108 data rows, each with a ran-
dom point x in R4 and a dependent variable generated
by adding noise to product x [1, 2, 3, 4]T

S2 Synthetically generated 5 · 107random points in R4

M Spambase2 from UCI Machine Learning Repository

U URL Data Set from [16]

C US Census Data3 (1990) from UCI Machine Learning
Repository.

We have used the following types of the dif metric for mea-
suring distance between two results: MSE - Mean Squared
Error between result signatures represented as vectors (e.g.
for linear regression 4 approximated coefficients); MR - mis-
classification rate on a test set. For experiments we used
a system with 8 quad-cores (2.4 GHz) and 256 GB main
memory running under Red Hat Enterprise Linux 5.1. Our
framework has been deployed on Java 1.6 (JDK 6u18, 64-
bit) and Scala 2.7.7.

4.1 Evaluation of Convergence and Time
Figure 4 shows the convergence curves of all six experi-

ments. Here the x-axis shows the fraction of processed data,
and the y-axis values of the dif metric between current pre-
liminary result and the final result. While these curves are
available only after all data is processed (and so not available
online), we show them to illustrate the potential of exploit-
ing preliminary results. Except for wc-g and nb-u, prelim-
inary result approximates the final result “reasonably well”
after only 20% to 40% of all data is processed.

To quantify what “reasonably well” means, we introduce
the following definitions. For a given experiment, let dif-
range D be the 95-percentile highest value of all dif-values

1http://www.gutenberg.org
2http://archive.ics.uci.edu/ml/datasets/Spambase
3http://archive.ics.uci.edu/ml/datasets/US+Census+Data+(1990)
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Figure 4: Convergence curves for all experiments
(x-axis: fraction of processed input, y-axis: value of
dif between preliminary and final result)

encountered during the processing (i.e. in an experiment D
is the highest value among the dif-values after removing the
highest 5% of them), see horizontal lines in Figure 4. For a
given percentage y% called error level we define S(y) as the
smallest fraction r of the data which needs to be processed
such that all values of dif encountered afterward are no larger
than y

100
D. In other words, if we remove from a convergence

curve the 5% highest dif values, S(y) is the smallest value
on the x-axis such that the convergence curve right of S(y)
is never larger than y% of the whole y-axis range (which is
D).

Table 2 shows these input fractions for error levels of 20%,
10%, 5%, 2% and 1%. For example, to achieve the error
level of 10% (or less) we need to process at most 36% of the
data for pca-s and lr-s, while nb-m requires 58% and km-c

62% of the input to be processed. Experiments nb-u and
wc-g require almost all data to be processed, which is also
confirmed by Figure 4.

Table 3 shows (in minutes) the total time Toff needed by
the offline algorithm and times Ton of the online algorithm
to process all data. We have expected the offline algorithm
to be more efficient as the need for inter-component com-
munication and event creation is much lower. However, in
all cases execution time of the online algorithm is smaller.
We attribute this to the overhead caused by allocating much
larger amount of heap memory in the mappers (in the of-
fline algorithms). This is confirmed by case nb-m - the small
size of the data set (1.3 MB) makes here effects of memory

Name S(20%) S(10%) S(5%) S(2%) S(1%)

wc-g 0.81 0.83 0.88 0.90 0.90
lr-s 0.17 0.19 0.47 0.58 0.68

pca-s 0.2 0.36 0.42 0.57 0.7
nb-m 0.39 0.58 0.58 0.64 0.87
nb-u 0.65 0.72 0.84 1.0 1.0
km-c 0.42 0.62 0.78 0.90 0.96

Table 2: Minimum fraction of input necessary for
decreasing error levels

Name wc-g lr-s pca-s nb-m nb-u km-c

Toff 46.7 5.01 11.2 1.8 42.0 -
Ton 42.4 4.26 7.6 1.8 34.7 37.5

Table 3: Time of executing offline and online algo-
rithms (in minutes)

allocation negligible, and consequently Toff = Ton.

4.2 Accuracy Evaluation
For wc-g, lr-s, pca-s, nb-m, and nb-u online and offline

algorithms yield identical final results. In contrast, the fi-
nal results of the online k-means differ from those of the
standard (offline) k-means due to a modified approach. We
analyze this difference in terms of the sum U of Euclidean
distances between each point and its closest centroid. The
offline version of k-means (as implemented in Matlab 2007a)
yielded for the final result Uoff = 1.52905 · 109 while our on-
line algorithm gives Uon = 1.98541 · 109 with 1000 auxiliary
clusters (ACs), see Figure 5 (left). The accuracy of the final
result improves with the number of ACs up to 1000 but not
beyond this number. Figure 5 (right) relates the difference
between Uoff and Uon to values of U for intermediate results
of our online k-means algorithm.

4.3 Scalability Evaluation
Scalability is evaluated by changing the number of map

tasks per run for the experiments lr-s and km-c, see Fig-
ure 6. Since each mapper is provided with an own core, this
number effectively controls the degree of parallelism. The
speed-up is not linear in the number of used cores; in case
of lr-s, deploying more than 15 mappers does not shorten
execution time, which might indicate that this algorithm
is constrained by the I/O-bound throughput of our shared-
memory machine.

5. RELATED WORK
Processing of massive data. With few exceptions in

the domain of supercomputing, most such processing is per-
formed on clusters of (possibly commodity) machines. Here
the Map-Reduce programming model popularized by Google
[7] turned out successful in coping with issues of fault-tolerance
and scalability. Follow-up open-source frameworks are Hadoop
and the recent Hadoop Online system [6]. Extensions of
the Map-Reduce model are presented under the Microsoft’s
Dryad project [15] and in [3].

Interactive data analysis. There are several approaches
to reduce time of interactive large-scale data analysis and in-
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crease its flexibility. [18] proposes query templates (query
preprocessing). Authors of [5] discuss support for flexible
storage and analytics of large data sets from DB perspec-
tive. Relevant are also languages such as Sawzall [20] and
Pig Latin as they facilitate fast programming of queries and
data mining studies under Map-Reduce.

Online Aggregation and incremental learning. The
concept of exploiting preliminary query results has been in-
troduced 1997 in [14] and refined in [13]. There is a rela-
tion to incremental learning, i.e. training of machine learning
models with new data added incrementally. Many mining
algorithms have corresponding versions, including decision
trees [10], SVMs [9], or clustering [11]. Note: in relation to
k-means clustering, the term incremental frequently label
algorithms which try to avoid local minimum, see e.g. [19].

Parallel machine learning. Most parallel machine learn-
ing algorithms feature proprietary design and consequently
limited scalability due to lack of fault-tolerant large-scale
frameworks. Examples include parallel SVMs [12], or clus-
tering [8, 17]. A notable exception is work [4] which proposes
implementations of common algorithms in the (batch) Map-
Reduce model. To our knowledge there exists no parallel
and online k-means algorithm prior to this work.

Stream Processing. The algorithms presented here can
be also deployed for (parallel) stream mining. Research in
this domain includes frameworks (Borealis, STREAM, Tele-
graphCQ, DataCell/MonetDB), query languages [2], and
Complex Event Processing systems.

6. CONCLUSIONS
We presented a set of data mining algorithms for paral-

lel, incremental processing under online Map-Reduce. In
particular we introduced an approach to handle iterative al-
gorithms which need multiple Map-Reduce phases, and pro-
posed a version of the k-means clustering algorithm based
on our approach. Further results are tools for estimating

progress and convergence of the preliminary results. Ex-
periments show that our algorithms are capable to combine
benefits of Online Aggregation with parallelism.

Future work includes adapting other iterative data mining
algorithms (SVM, EM) [4] to online processing. We will also
refine convergence monitoring, and work on tools to handle
concept drift in data. Further topics are redundant online
data processing under unreliable resources [1].
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