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Abstract. MapReduce is a popular distributed computing paradigm for processing big data in
a massively parallel fashion. However, when it is used to implement and run highly iterative
algorithms for analyzing distributedly stored big data, the MapReduce paradigm loses its computing
efficiency and data scalability due to the communication costs occurring in iterations of the
algorithm over the entire dataset. Non-MapReduce is an alternative computing paradigm that
removes the communication costs when executing iterative algorithms on big data that is stored
using the random sample partition data model. In the Non-MapReduce paradigm, a set of random
sample data blocks are selected and loaded into the memory of computing nodes. An iterative
algorithm is dispatched to each computing node and executed on local data set independently and in
parallel without communications among the nodes. Afterwards, the local results are transferred to
the master node for computing the final result. In this paper, we propose the LOGO computing
framework, a core technology for Non-MapReduce paradigm, and demonstrate its computing
performance with widely used supervised learning, unsupervised learning, and pattern mining
algorithms. The experiment results show that LOGO outperforms the state-of-the-art Spark by
orders of magnitude in terms of the running time. LOGO is scalable to terabyte-scale data sets with
high-quality results.

Annomayun. MapReduce — 310 nmomynsipHasi napaurmMa pacrpeeIeHHbIX BBIYUCICHUHN IS
00paboTKN OONBIIMX JAaHHBIX B MACCOBO-TMApaJliebHOM pexxuMe. OHAKO KOrJja OH UCHOIb3YeTCs
JUIsL peanu3alMyd U 3allycka BBICOKOMTEPATHUBHBIX aJNTOPUTMOB aHalIM3a PaCIpesIeIeHHO
XpaHAIUXcs OONbIIMX JaHHBIX, MapagurmMa MapReduce TepsieT CBOIO BBIYMCIUTENbHYIO
3¢ PEeKTUBHOCT, M MACIITA0UPYeMOCTh MaHHBIX HW3-32 3aTpaT Ha CBs3b, BO3HUKAMOIIUX IPHU
UTepalMsIX ajJropuTMa Mo BceMy Habopy naHHbIX. Non-MapReduce — 310 anprepHaTUBHas
napaaurMma BI)I‘-II/ICHGHI/II;'I, KOTOpad YCTpaHACT 3aTpaThbl Ha CBA3b IMPH BBIIIOJIHCHUN UTCPALIMOHHBIX
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QITOPUTMOB Ha OOJNBIIMX JAHHBIX, XPAHSIIUXCA C HMCIOJb30BAHHEM MOJENU JTaHHBIX pasjesa
ciydJaitHoi BeIOOpkH. B mapamurme Non-MapReduce HaGop OJOKOB JaHHBIX CIydailHOW BBEIOOPKHU
BBIOMpAEeTCsl W 3arpykaercs B MaMATh BBIYMCIUTENBHBIX Y37I0B. MTepanmoHHBIN aaroputm
OTIIPABIISICTCS HA KaXIbIH BBIUMCIIUTEIBHBIA y3€JI U BBITIOTHICTCS HA JIOKAIILHOM HAa0Ope JaHHBIX
HE3aBHCHMO WU TMapajUlelibHO 0e3 CBA3M Mexay ysnamu. Ilocie 3Toro jokajibHbIE pPe3yJabTaThl
MepeIatoTCsl Ha IIaBHBIM y3€Jl /Ui BBIYHMCIICHHUS OKOHYATEJIBHOTO pe3ynbrara. B 3Toi cTarbe Mbl
npemyiaraeM BbIYMCIHTENbHYIO cpeny LOGO, 0a30Byr0 TEXHOJOTHIO IS TapaaurMbl  Non-
MapReduce, u neMoHCTpUpPYeM €€ BBIYUCIUTEIBHYIO MPOU3BOAUTEIHHOCTD C IMOMOIIBIO IIHPOKO
UCIIOJIb3YEMbIX aJTOPUTMOB KOHTPOJIUPYEMOTO OOydeHUs, HEKOHTPOJIHUPYEMOro OOydeHus u
aHanu3a 11a0iI0HOB. Pesynprarbl sKcrnepuMeHTa TmoKaszbiBaloT, uto LOGO mnpeBocxoaut
coBpeMeHHBIN Spark mo BpeMeHHm paboThl Ha HeckoJbko mopsakoB. LOGO macmrabupyercs 1o
HAO0OPOB JJAaHHBIX Pa3MEpPOM B TEpaOaAMTHI C MOTYICHHEM BEICOKOKAUECTBEHHBIX PE3YJIbTaTOB.

fi E—MapReduce THEIEIZ U IAT I — P LUREE #3147 77 A BE R 1 5 A1 =X
HENE R, HERH TSRS AT m ISR SRR o M o A A R R 1
HH T ROEAE AR S AR E 2 A B G T4, {F MapReduce 1H5IE A FEAR 71T 2%
IR L THIETY B M. Non-MapReduce THEIEAZE—MEAITEE, &R H THE
MUAE AR R 20 204 B2 Y A7 il REUH , AE AT B AR VE I R T 3@ {5 148 . 78 Non-
MapReduce THHEIEAH, Bk F—AHBEVAEARSER Sk F IR AR SN2+
NG RIEAREE S IRB N A, AT S BT AT AL B AR IR AR, o 1T A
FEHRIEAE; e, TAFERARMEE R Pfema =78, HERAGR. AR Non-
MapReduce 115 0% OLEIAR LOGO THEHELE, FFimid# WA ImE %2, Lt
A2 vk s Horh SRR . SEIR s Rk B, LOGO THAHEZRFEis AT [a]_E &4 T H Al
et Spark TFEHELE LN E R .. BRItz Ah, LOGO THEAEZLIEE T kR TB
o, FHATLERIG A N R4 R .

1. Introduction

Big data analytics enables data-guided decision-making which has found
successful applications in smart cities [1], fraud detection [2—4], disease diagnosis
and prediction [5, 6], industrial production [7, 8], weather forecasting [9], etc.
Nowadays, we are seeing a massive growth in demand for processing and anaylzing
big data. According to the Statista report (Attps.//www.statista.com), the overall
amount of data generated in the world is around 97 zettabytes in 2022, and it is
expected to grow to 181 zettabytes by 2025. It is shown by Precedence Research
(https.://'www.precedenceresearch.com/data-analytics-market) that the global data
analytics market size was exhibited at USD 41.39 billion in 2022 and is projected to
surpass USD 346.33 billion by 2030.

Currently, distributed computing platforms and systems [10] are widely adopted
to handle big data, since it is prohibitively expensive or physically impossible to
process and analyze big data using a single machine. The popular general purpose
distributed platforms such as Hadoop (https://hadoop.apache.org) and Spark
(https://hadoop.apache.org) adopt the MapReduce architecture, shown in Fig.1. The
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big data files are divided into smaller blocks and stored on distributed file system.
Analysis tasks are performed by conducting iterations of mapper and reducer
operations on these blocks. An iteration consists of a Mapper and a Reducer phases.
The shuffling operation in between the Mapper and the Reducer phases incurs an N-
to-N data transferring. The communication overhead occurs in each iteration and is
proportional to the number of iterations in the algorithm [11]

Native distributed machine learning systems such as TensorFlow [12], MXNeT
[13], DIANNE [14], and PyTorch [15] follow the parameter server architecture,
shown in Figure 2. Each worker node computes local parameters using local data.
The CPU is responsible for initializing, storing, and updating the parameters, while
the GPU transforms input data into tensors and trains the model. The global model
parameters are then aggregated and updated on the server nodes. This process is
iterative, where in each iteration, the worker nodes need to communicate with the
server node.

Commonly used analytical algorithms such as classification [16], clustering
[17], and pattern mining [18] are iterative, which need to scan and process the entire
dataset many times. Hence, the MapReduce and the parameter server architectures
have
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Fig.1: The architecture of MapReduce.
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the following limitations when executing iterative algorithms to process big data.

* High communication cost. In the MapReduce and the parameter server, the
communication cost occurs between two consecutive iterations when executing
iterative algorithms. All the machines need to send and receive data and parameters
before entering the next iteration. Thus, the communication cost grows substantially
as the number of iterations and the volume of data increase.

* High RAM requirement. When the data volume exceeds the main memory
(RAM) capacity in the system, it will cause frequent memory-swapping that moving
data between main memory and secondary storage, which is time-consuming. Spark
reduces the data input and output cost by using a distributed in-memory data
abstraction called Resilient Distributed Datasets (RDDs). However, to handle big
data, it requires a large amount of RAM. This is an impractical solution for rapid
growth of data volume.

* Inconvenient parallel programming model. It is tedious and complex to convert
analytical algorithms into the corresponding parallel versions in the current
distributed systems. Programmers have to rewrite analytical algorithms using the
available programming interfaces. Moreover, debugging and optimizing parallel
programs are often difficult and timeconsuming.

The above limitations can be eliminated by partitioning a big dataset as data
blocks which are made as random samples of the big dataset, e.g., the random sample
partition (RSP) data model [19]. This data representation allows each data block
being processed independently in a computing node by an iterative algorithm, and
many data blocks being processed by the same algorithm in a massive parallel
fashion. The data block results are then transferred to the master node for computing
the final result. This Non-MapReduce approach, which we will discuss in this article,
has the following merits in big data analytics.

(1) Scalability. When handling a growing amount of data, e.g., terabyte-scale
data, iterative algorithms are able to respond in a reasonable time.

(i1) I/O efticiency. When the data partitions and the intermediate results cannot
fit in memory, the memory-swapping is not frequent.

(i11) Communication reduction. When performing iterations, the communication
costs among the computing nodes keep low.

(iv) Simple parallel programming model for iterative algorithms. Complex
iterative algorithms can be easily packaged as operators to execute in a parallel
fashion.

The remainder of this article is organized as follows. First, we review the core
technologies of Non-MapReduce Computing - RSP data model and LOGO
framework, and its implementation in Spark. Then, we use three types of machine
learning algorithms for supervised learning, unsupervised learning, and pattern
mining to illustrate the major steps of Non-MapReduce Computing in executing these
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iterative algorithms over large data sets. Finally, we provide simulated results to show
the performance of efficiency and data scalability of Non-MapReduce computing in
running machine learning algorithms over big data sets up to 10 TB. We conclude this
article by a summary of the advantages of Non-MapReduce computing in big data
analytics.

2. Non-mapreduce computing

Non-MapReduce computing is powered by two core technologies — The RSP
data model [19] which enables the data blocks of a distributed data file being used as
random samples of the big data file, and the LOGO framework which we propose in
this article to enable Non-MapReduce computing. The two technologies are detailed
in the following two sections which are followed by an implementation in Spark.

2.1 RSP Data Model

A distributed data file is saved as a set of data blocks which are distributed on
the nodes of a cluster and managed by a distributed file system, e.g., HDFS [20]. The
random sample partition or RSP data model represents a big data set as a partition of
RSP data blocks [19] which are also saved in a distributed fashion and managed by
HDFS. However, each RSP data block is made by an random sample partitioning
algorithm [21] a random sample of the big data set so it can be used to compute the
statistical estimates of the big data set.

Formally, let D={r,,r,,...,7y} beamultivariate data set of N records. Each
data record r,={x,,x,,...,x,,} has M features, where each feature x; is a random
variable. Let T be a random sample partitioning algorithm that divides D into K
nonoverlapping subsets D,,D,,...,D,  which satisfy the following three
conditions:

(i)D=UZ, D, (ii)DND =8, 1<i, j<K ,i#j,

(iii)| F (D,)— F(D)|<§,1<i<K , where F() is the cumulative distribution
function (CDF) of a data set, and o is a small positive constant. This condition states
that the CDFs of all RSP data blocks must be similar to the CDF of the data set.

The set of D,,D,,..., Dy 1is called an RSP data model of D. The algorithm T
in [21] works as follows: Initially, data blocks are stored across » machines (a.k.a.
nodes). Suppose that each node stores K data blocks. On each node, all the records in
each data block are randomized, and then each data block i1s sliced into K mini-
blocks. This procedure is executed in parallel on all nodes. After that, each node
receives one mini-block from each of all the other node, and then merges them with
its local one mini-block. In the end, the original data set is reorganized as RSP blocks
and saved in HDFS. Figure 3 shows the program workflow

2.2. LOGO Framework
Given a data set D as an RSP data model, in Non-MapReduce computing, an
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analytical task of D is carried out under the Local Operations with Global Operations
(LOGO) computing framework on commodity clusters. The architecture of LOGO

consists of two layers: the data layer and the computation layer, as shown in Fig. 4.

At the data layer, data files take the form of RSP blocks that are distributedly
stored across 7 nodes. Usually, an RSP block corresponds to a random sample of the
data file to be analyzed. At the computation layer, the execution process of an
analytical task consists of a local phase and a global phase. One node is responsible
for the global phase, called GO master. All the nodes can join the local phase, called
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local results. @ 1/O cost: writing final results.

When all LO workers complete their local tasks, the GO master is notified and
uses remote procedure calls to read the local models from all LO workers. It performs
a global operation that merges all the local models and saves the final model in the
storage. Different from MapReduce which executes an iterative algorithm through
iterating many pairs of map and reduce operations resulting from heave data
communication costs, under the LOGO framework, the iterative algorithm completes
its executions in the LO workers in parallel without the need of data communications.
Therefore, it is very efficient in executing iterative algorithms.

2.3 Implementation in Spark

Non-MapReduce computing with the RSP data model and the LOGO computing
framework is implemented on HDFS (https.//hadoop.apache.org/docs/r1.2.1/
hdfs design.html) and Spark. The following three main components are detailed
below. (1) RspRDD Abstraction. Spark uses RDDs to share data among computations.
We follow this idea and create a data-sharing abstraction called RspRDD by
extending the RDD in Spark. The RSP blocks in HDFS are represented in Spark by
an RspRDD object that can be manipulated in parallel, e.g., class RspRDDJ[T:
ClassTag](prev: RDDI[T]) extends RDDJ[T](prev){...}! (i1) RSP Conversion.We
provide function RandomizeAndSlice() for randomizing the records in a data block
and slicing the data block into K mini-blocks. Users can use it in the following code
snippet below (Spark API in Scala) to covert the data blocks in HDFS into RSP data
blocks. Line 1 specifies the data file to be converted and the number K of partitions in
an RDD. Line 2 passes function RandomizeAndSlice() to Spark API function
mapPartitions(), so that local randomization and slicing are executed on each data
block across all nodes. Then, each mini-block is assigned an integer key in the range
of [1,K]. Line 3 calls Spark API function reduceByKey(), so that mini-blocks are
transferred and merged, resulting in RSP blocks on each node. Finally, line 4 saves
these RSP blocks in an HDFS file.

1: val RDD1 = sparkContext.textFile(filepath, K)

2: val RDD2 = RDD1.mapPartitions(Randomize AndSlice())

3: val rspRDD = RDD2.reduceByKey()

4: rspRDD.saveAsTextFile(rspfilepath)

(i11) LOGO APIs. The local operation and the global operation in the LOGO
framework are expressed by functions LO() and GO(), respectively. The input RSP
blocks as partitions of an RDD are first processed by function LO(), which outputs a
local model on each RSP partition. Function GO() merges all local models produced
by function LO() and outputs the final model. LOGO APIs support multiple
programming languages such as Java, Scala, and Python. The details of the LOGO
API functions are described below.

250 Teopus cuctem, anrebpanueckas 6G1UONOMMSA, CKYCCTBEHHbINA MHTENEKT: MaTEMaTNYECKNE OCHOBbI 11 NPUIOKEHNS



 rspTextFile(rspfilepath): It loads an RSP data file in HDFS and returns an
RspRDD object that represents the RSP data blocks as RSP partitions in RDD.

* getSubPartitions(m): It randomly selects m% of the RSP partitions.

* LO(L_Algorithm()): It accepts a function L Algorithm(), which is user-
defined and can be any analytical algorithm. It dispatches function L _Algorithm() to
all LO workers. Each LO worker applies function L Algorithm() to its own RSP
partition, and then produces a local model from each RSP partition. Similarly,
LO(preProcess()) is also valid, which specifies the function for preparing data on
each RSP partition. For instance, running LO(preProcess()) before
LO(L Algorithm()) indicates the data preprocessing before modeling.

* GO(G_Algorithm()): It accepts a user-defined function G_Algorithm() that
merges all local models and produces the final model. Client Program. The code
snippet in Scala below shows a user application example using LOGO. Line 1
prepares an RspRDD object for the specified RSP data file. Line 2 takesO[RSP
partitions. Line 3 preprocesses each data partition. Line 4 executes function LO() on
each RSP partition and returns m local models. Line 5 executes function GO() that
produces the final result by merging the m local models. Line 6 saves the final model
in HDFS at filepath.

1: val rspRDD = sparkContext.rspTextFile(rspfilepath)

: val dataRDD = rspRDD.getSubPartitions(m)

: val trainRDD = dataRDD.LO(preProcess())

: val modelRDD = trainRDD.LO(L_Algorithm())

: val resultRDD = modelRDD.GO(G_ Algorithm())
: resultRDD.save(filepath)

We can see from this example that using LOGO, it becomes easier to write a
user application for an analytical task.

O\m-lkw[\)

3. Machine learning algorithms under LOGO

Machine learning algorithms are widely used in big data analytics, and most of
them are iterative over data sets to search for an optimal solution. Non-MapReduce
computing has advantages in executing iterative machine learning algorithms under
LOGO. Below, we use three types of machine learning algorithms for supervised
learning, unsupervised learning, and pattern mining to demonstrate how these
algorithms work under LOGO.

3.1 Supervised Learning Algorithms In the LOGO framework, a supervised
learning algorithm trains a model on each computing node using local RSP blocks in
the local phase and aggregates all local models into the final model in the global
phase. Local Phase. It follows the routine below.

(1) The local function is executed on each LO worker. It divides the local input
RSP partition into a training set and a testing set.

(i1) It calls the corresponding supervised learning algorithm and generates a
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local model on the training set.

(i11) It obtains the accuracy of the local model based on the testing set.

(iv) It sends the local model to the GO worker. Global Phase. Given the local
models produced by LO workers, we proceed to introduce how to design the global
function that merges the local models. There exist different methods to combine
them, e.g., weighted averaging[22—-24], voting[25-27], relearning[26, 28, 29], etc.We
adopt the 1idea of the voting method and propose global function
G_SupervisedLearning. It takes a set of local models, each of which is associated
with an accuracy. The set of local models is sorted in ascending order of their
accuracy. Based on the central limit theorem[30], the first and last 5% of the ranked
local modes are removed, which helps increasing the confidence of the prediction
results. Let M be the set of remaining local models. For each data record in the input
dataset D, it produces the predicted label by taking the majority voting [31] of the
local models in M.

3.2 Unsupervised Learning Algorithms

In the LOGO framework, a unsupervised learning algorithm performs clustering
on each computing node using local RSP blocks in the local phase. The clustering
results on all computing nodes are aggregated in the global phase. Local Phase. It
follows the routine below.

(1) The local function is executed on each LO worker. It calls the corresponding
unsupervised learning algorithm in SMILE (https://pypi.org/project/smile) and
generates a local model on the local RSP partition.

(i1) Each local model consists of a set of cluster centers, which is sent to the GO
worker.

Global Phase. Given the sets of cluster centers generated by LO workers, the
global function executes a clustering process on all local cluster centers and returns
new cluster centers IThen, each data point is assigned to its nearest cluster centers in
M

3.3 Frequent Itemset Mining Algorithms

In the LOGO framework, we design and implement two algorithms for the
frequent itemset mining, i1e., FIM I and FIM II. Both algorithms compute
approximate frequent itemsets using a set of m RSP partitions, given the support
threshold J. Algorithm FIM I contains three times of communication. Firstly, each
LO worker computes the local frequent itemsets SL by executing an existing frequent
itemset mining algorithm, e.g., FPGrowth algorithm [32], on the local RSP partition.
Then, the LO workers send their local results (itemset-count pairs) to the GO worker.
After the GO worker unions the received itemsets and aggregates the count by
itemset, it broadcasts the unioned set SG to the LO workers. Next, each LO worker
computes the counts of the itemsets in SLISG and send the results to the GO worker.
In the end, the GO worker updates the counts of the itemsets in SG and finalizes the
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frequent itemsets. The support of each itemset is calculated by count /(mXT) ,
where m is the number of RSP partitions and 7 is the number of transactions in each
RSP partition. Fig. 5 illustrates the workflow of algorithm FIM I on the left side. In
stepol , three LO workers compute their local frequent itemsets SL and send the local
results to the GO worker. In stepo2 , the GO worker broadcasts the unioned set
SG={{a, b}, {b,c}, {cd}, {de}} to LO workers. In step 03 , each LO worker
computes the counts of the itemsets in SG\SL. Then, to the GO worker, LO Worker I
sends ({c,d}, 4), LO Worker II sends ({d,e}, 4), and LO Worker III sends ({d,e}, 4).
In the end, the GO worker finalizes the counts of the itemsets. Given m= 3, 7= 10,
and the support threshold 0= 0.5, the frequent itemsets are {a, b}, {b,c}, and {c,d}.

Algorithm FIM_II only communicates once. Firstly, similar to algorithm FIM 1,
all LO workers compute frequent itemsets on their own RSP partitions and send the
local results to the GO worker. Besides unioning and aggregating the received local
results, the GO worker additionally collects the votes of each itemset from LO
workers. If an itemset appears in the local results of a LO worker, it receives one vote
[33]. Then, at the GO worker side, for the itemsets whose voting ratio votes/m is
larger than 4, its count is updated as count = count/votes. Next, the support of each
itemset is calculated by count/7. In the end, the frequent itemsets are finalized
according to the given support threshold oJ. Fig. 5 illustrates the workflow of
algorithm FIM_II on the right side, where 4 = 50%, m = 3, 7= 10, and 0= 0.5. In step
ol , three LO workers compute their local frequent itemsets and send the local results
to the GO worker. Then, the GO worker aggregates the counts by itemsets and
collects the votes. In stepo2 , since the voting ratio of itemset {d,e} is 1/3 which is
less than A= 50%, it 1s discarded. Next, the counts of the other three itemsets are
updated. In the end, the frequent itemsets are {a, b}, {b,c}, and {c,d}.

4. Performance

To demonstrate the efficiency and the effectiveness of the LOGO computing
framework, we compare it with three configurations of Spark:

* Spark: Running algorithms on the Spark by taking the entire dataset.

* Online-Sample-Spark: First calling the built-in sampling operator in the Spark
to get a sample data (5% of the original dataset) and then running algorithms on the
sample data.
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Fig. 5: Frequent itemset mining algorithms in LOGO.

16 cores at 2.6GHz and 128GB main memory, and 8 nodes each has two Intel
Xeon E5-2630 CPUs with 12 cores at 2.6 GHz and 128GB main memory. Spark 2.4.0
and YARN 3.0.0 are running on the cluster. For each algorithm, we use YARN to
allocate at most 100 executors and 1.6TB main memory.

4.1 Performance of the supervised learning algorithms

We use 100-dimensional datasets to evaluate the performance of four supervised
learning algorithms: decision tree, random forest, logistic regression, and SVM.
Figures 6 and 7 show the running time and the accuracy of four supervised learning
algorithms on LOGO and the three configurations of Spark, when varying the dataset
size from 50GB to 10TB. The running time of Spark increases exponentially as the
dataset size increases. Its computational cost is high when the dataset size is larger
than 1.5TB. It is because that Spark executes the supervised learning algorithms on
the entire dataset and the iterations in the algorithms cause high communication cost.
Both Online-Sample-Spark and Sample-Spark execute the supervised learning
algorithms on a sample of the entire dataset. Thus, the running time of them increase
linearly as the dataset size increases. However, when the dataset size is larger than
2TB, the running time of Online-Sample-Spark rises rapidly. It is because the online
sampling is slow on large datasets. Excluding the cost of the online sampling, it is
observed that Sample-Spark and LOGO are close in terms of the running time.
Nevertheless, LOGO is faster than Sample-Spark. The reason is that on the same
amount of data, Sample-Spark has communication cost at the end of each iteration,
while LOGO performs iterations locally and only has communication cost when all
iterations terminate. Excluding the online sampling operation, Online-Sample-Spark
and Sample-Spark are the same and have the same results and accuracy. Spark learns
models on the entire dataset, while Online-Sample-Spark and Sample-Spark have the
same learning process but using a sample of the dataset. Hence, the accuracy of Spark
1s higher than Online-Sample-Spark and Sample-Spark. For the decision tree and the
random forest algorithms, the accuracy of LOGO is better than that of Spark. It is
because that the learning process in LOGO is similar to the ensemble learning which
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has been shown as an effective strategy for the decision tree and the random forest
algorithms [34, 35]. Thus, although LOGO learns models on a sample of the dataset,
it achieves better performance than Spark. Whereas, for the logistic regression and
the SVM algorithms, the accuracy of LOGO is close to that of Spark. The reason
might be that the accuracy of Spark is high, i.e., above 90%, so that the room of
improvement is limited.

4.2 Performance of the unsupervised learning algorithms

We use 100-dimensional datasets to evaluate the performance of two
unsupervised learning algorithms: Kmeans and Bisecting Kmeans. Figures 8 and 9
show the running time, the purity, and the C-dist of two unsupervised learning
algorithms on LOGO and the three configurations of Spark, when varying the dataset
size from 50GB to 10TB.

Similar to the evaluation results of the supervised learning algorithms, the
running time of Spark increases rapidly and it is impractical for Spark to deal with
dataset larger than 1TB. The online sampling operation is expensive when the dataset
size is larger than 2TB. Excluding the cost of online sampling, the running time of
Sample-Spark and LOGO are similar for the Kmeans algorithm and LOGO is faster
than Sample-Spark regarding the bisecting Kmeans algorithm.
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Fig. 6: Running time of the supervised learning.
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The reason is that on the same amount of data, the communication cost of
LOGO is lower than that of Sample-Spark. We evaluate the quality of the discovered
clusters in terms of the Purity (the higher the better) and the C-dist (the lower the
better). As shown in Figure 9, having the same clustering process, since Spark uses
the entire dataset while Sample-Spark and Online-Sample-Spark use a sample data,

Spark achieves better performance. The quality of the clusters found by LOGO is
similar to that of Spark.

4.3 Performance of frequent itemset mining algorithms

Fig. 10(a) shows the running times of frequent itemset mining algorithms on
Spark and LOGO when varying the number of transactions. The support threhold i1s
set to 0.15. For the datasets containing less than 2.75 millions transactions, we
organize 5000 transactions as one data block. For the datasets with more than 2.75
millions transactions, one data block contains 1 million transactions. The running
time of Spark is extremely high when handling 2.75 millions of transactions. The
reason is that the FP-Growth algorithm in the Spark library [36] builds an distributed
FP-tree on all partitions and recursively extracts frequent itemsets. It generates a large
number of intermediate variables, which requires large memory size and is time-
consuming. Both Online-Sample-Spark and Sample-Spark also adopt the FP-Growth
algorithm in the Spark library.
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Fig. 7: Accuracy of the supervised learning.
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Due to the same reason of Spark, they cannot respond in a reasonable time
when the number of transactions exceeds 60 millions. Algorithms FIM I and FIM_1I
on LOGO are able to handle 1 billion transactions. Their running times increase sub-
linearly as the number of transactions increases. The computational cost of algorithm
FIM I 1s slightly higher than that of algorithm FIM_II, because FIM I contains one
more round of communications. Figures 10(b) and 10(c) show the precision and the
recall of algorithms FIM I and FIM_II on LOGO, by taking the frequent itemsets
found by Spark as the ground truth. The precision and the recall of FIM_I fluctuates
around 98% when the number of transactions varies from 105 to 107.

The precision of FIM_II is below 90% when the number of transactions varies
from 105 to 107. The reason is that both algorithms use the frequent itemsets in
samples to approximate the real results. It happens that some infrequent itemsets turn
to be frequent in the samples. When the dataset is small, this randomness affects the
precision of the results.
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Fig. 9: Purity and C-dist of the unsupervised learning.
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Fig. 10: Frequent itemset mining.

However, when the dataset is large, this effect can be ignored. As shown in the
figures, the precision and the recall of FIM_I and FIM_1I are close to 100% when the
number of transactions exceeds 108. Overall, FIM I is better than FIM_II in terms of
the accuracy of the results. Because FIM I has one more round of communication to
share information among the computing nodes. Whereas, FIM_1I is better than FIM 1
in terms of the running time. Hence, for the frequent itemset mining, LOGO is
superior to Spark, Online-Sample-Spark and Sample-Spark in terms of running time
and the scalability. Moreover, the approximate results provided by algorithms FIM 1
and FIM_II are close to the ground truth.

5. Conclusions

In this paper, we propose a Non-MapReduce paradigm for distributed big data
analytics. It takes random sample partitions instead of the entire dataset as the input.
By adopting this approach, iterative algorithms perform iterations on data partitions
parallelly and independently, so that the I/O and the communication costs are
significantly reduced. The output is the aggregation of the results obtained from data
partitions. We implement the Non-MapReduce paradigm by extending Spark and
introduce the LOGO computing framework. It is /O and communication efficient,
capable of performing iterative analytical algorithms on terabytescale datasets, and
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has simple parallel programming model. We also apply the LOGO framework to
commonly used supervised learning, unsupervised learning, and frequent itemset
mining algorithms. The experimental results demonstrate the efficiency and
effectiveness of LOGO.

1. Beeoenue

AnanuTtuka OOJBIIMX JAHHBIX MO3BOJSET MPUHUMATh PEIIEHHUS Ha OCHOBE
JTAHHBIX, YTO HAIIJIO YCHEUIHOE MPUMEHEHUE B «YMHBIX» ropojaax [1], oOHapyxeHuun
MoOIlIeHHUYeCcTBa [2—4], AMarHOCTUKE W MPOTHO3MpPOBaHUM 3abojeBanuii [5, 6],
IIPOMBIIIJIEHHOM MPOU3BOACTBE [7, 8], mporHo3upoBanuu mnoroasl. [9] u T. a. B
HACTOAIIIEEe BpeMsi Mbl HaO0JaeM MacCOBBII POCT crpoca Ha 00pabOTKy M aHAIHU3
oonemux naHHbIX. CornmacHo otuery Statista (https://www.statista.com), oOmui
00beM JIaHHBIX, TCHEPUPYEMBIX B MUPE, COCTAaBUT OKoJIO 97 3erTabaiit B 2022 roxay, u
oxkupaercs, uyro kK 2025 romy oH BeIpacteT g0 181 3errabaiit. O0 3TOM
CBUJIETEIIbCTBYET Precedence CornacHo UCCIIEAOBAHUIO
(https://www.precedenceresearch.com/data-analytics-market), pa3smep  MHPOBOTO
phIHKa aHanu3a gaHHbIX B 2022 rogy cocrasuia 41,39 mwuuapaa nomapoB CIIIA, a
K 2030 roxy, mo mporHo3am, oH npesbicUT 346,33 mwuapaa goutapos CIIIA.

B nactosimiee BpeMs ais 00paOOTKU OOJBLIMX JAHHBIX IMIMPOKO MPUMEHSIOTCS
pacripe/ieieHHble BBIUMCIUTENbHBIE IaThopMbl U cuctembl [10], MOCKOIBKY
oOpabaThiBaTh U aHAJIU3UPOBATH OOJBIIUE JIAHHBIC C TOMOIIBIO OJHON MAIIUHBI
HEMOMEPHO J0pOoro uiu (u3Mvecku HeBO3MOxkHO. [lomymnsipHble pacmpeneneHHbIe
margopmbl 061ero HazHaueHusi, Takue kak Hadoop (https://hadoop.apache.org) u
Spark  (https://hadoop.apache.org), wucnonp3ytor apxutekrypy MapReduce,
MOKa3aHHyIo Ha puc. 1. bonbiine ¢aiabl faHHBIX AeNATCs Ha Oojee MeaKkue OJIOKH U
XpaHATCS B paclpesesieHHON ¢ainoBol cucTteMe. 3ajlaud aHajiu3a BBITOIHSIOTCS
MyTeM IPOBEJCHUS UTEpAIlNil onepaluii 0TOOpakeHUs U MpeoOpa3oBaHUs HAJl STUMU
omokamu. Urteparmusi cocrout u3 ¢az Mapper u Reducer. Onepanus neperacoBku
Mexay ¢dasamu Mapper u Reducer mnpeamomaraer mnepemady maHHbiXx N-N.
Haknagnele pacxoapl Ha  CBSI3b  BO3HUKAIOT HAa  KaXIO0M UTepalud U
IPONOPLIHOHAIIBHBI KOJIMYECTBY UTEpALUK B anroputMme [11].

CoOcTBeHHBIE paCIpeACICHHbIE CUCTEMbl MAIIMHHOTO OOyYE€HUs, TaKHe Kak
TensorFlow [12], MXNeT [13], DIANNE [14] u PyTorch [15], caemyroT
apXUTEKTYpE CepBepa MapaMmeTpoB, MOKa3aHHOW Ha pucyHke 2. Kaxmwii pabouunit
y3€Jl BBIUMCISIET JIOKAJIbHBIE IapaMeTpbl, MCHOJB3ys JIOKalbHbIe AaHHBIC. LII1
OTBEYAET 32 MHUIMAIN3ALINIO0, XpaHEHHE U OOHOBJICHUE MapaMeTPoB, a rpaduueckuit
mpoleccop Mnpeodpa3yeT BXOAHBIE JaHHbIE B TEH30phl U 00ydaeT MOjeNb. 3areM
napameTpbl MI00AIBHONW MOJIENIM arperupyroTcs U OOHOBIISIOTCS HA y3jaX CepBepa.
DTOT TpoliecC SIBISIETCS HTEPATUBHBIM, TN€ HA KaXJAOW UTEpalMu padodyue y3IIbl
JIOJIKHBI B3aUMOJIEIICTBOBATH C CEPBEPHBIM Y3JIOM.
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OOGBIYHO UCTIOIB3YEMbIE AHATUTUUECKUE aJITOPUTMBI, TaKHE KaK Ki1acCUpUKaIus
[16], xmactepu3anus [17] m aHanu3 maOmoHOB [18], SABISIIOTCS HTEPATUBHBIMH,
KOTOpbIE TPEOYIOT MHOTOKPAaTHOTO CKaHMpPOBaHUS M 0OpabOTKM Bcero Habopa
nanHbiX. CnegoBarenbHO, apxuTekTypbl MapReduce u cepBepa mapameTpoB UMEIOT

Puc.1: Apxumexmypa MapReduce.

Puc. 2: Apxumexmypa cepeepa napamempos.

CIIEyIOUIME OrPAaHUYEHUS TPU BBINOJHEHUU UTEPALMOHHBIX aJITOPUTMOB
00pabOTKH OOJIBIIUX JAHHBIX.

* Bricokas ctoumocts cBsa3u. B MapReduce u cepBepe mapameTrpoB cTOMMOCTh
CBSI3M BO3HHMKAET MEXK/y JBYMsI MOCJIENOBATEIbHBIMUA UTEPALMSAMU MPU BBITIOTHEHUH
UTEPAIIMOHHBIX aJTOpUTMOB. BceMm MarmmHamM HEOOXOAMMO OTMPABIATh M MOTyYaTh
JTAHHBIC W TApaMETPHI MEePe]] MEPEX0I0OM Ha CIICAYIONIYI0 HTepanuio. TakuM o0pa3om,
CTOMMOCTH CBSI3W CYIIECTBEHHO BO3pAacTacT IO Mepe YBEIUYCHHS KOJUYCCTBA
UTEpayii 1 00beMa JaHHBIX.

* Bricokue TpeboBaHus K ornepatuBHOW mamsaTu. Korma o0beM JTaHHBIX
MpEBBIIAET eMKOCTh OCHOBHOM mamsitu (O3Y) B cuctemMe, 3T0 NPUBOIUT K YaCTOU
MOJIKAYKE MTaMSITH, TIPH KOTOPOH JaHHBIC MEPEMEIIAIOTCS MEXKTy OCHOBHOM MaMsIThIO
W JIOTIOJIHUTEIILHBIM XPaHWIUIIEM, YTO 3aHUMAeT MHOTO BpeMEHH. Spark CHmKaer
3arparbl Ha BBOJ U BBIBOA JAHHBIX 3a CYET WCIOJb30BaHUS a0CTpaKUUU
pacrnpeneneHHbIX JaHHBIX B MaMSTH, HA3bIBAEMOM YCTOMYMUBBIMU pacipeieIeHHbIMU
Habopamu gaHHbix (RDD). Omgnako st 00paOoTku OONBIIUX JaHHBIX TpeOyeTcs
00MBIION 00bEM OINEPATHBHOW MaMSATH. DTO HEMPAKTUYHOE PEIICHUE MPU ObICTPOM
pocTe 00beMa JTaHHBIX.

* HeynoOnas momens mapaiienbHOTO TporpammupoBanus. [IpeoOpazoBanue
AHATNTHYECKUX AJTOPUTMOB B COOTBETCTBYIONIWE TAapajUICIbHbIE BEPCHUU B
CYIIECTBYIONIUX  PACTIPEACICHHBIX  CHUCTEMax  yTOMUTEIBHO W CJIOXHO.
[TporpammucTaM MPUXOAUTCS MEPEUCHIBATH AHATUTHYCCKUAE aJITOPUTMBI, UCIIOJIB3YS
JOCTYITHBIE TpOTpaMMHBIE HWHTep(deichl. bomee Toro, omramka W ONTHUMH3AIUS
napauieTbHBIX IPOrPAMM 3a4acTyio CIOXKHA M TPeOyeT MHOTO BPEMCHH.

BrIeynmoMsiHyThIe  OTpPAaHUYCHUST MOXKHO YCTPAHHUTH ITyTEM pa3zciICHUS
Oonbiioro Habopa NaHHBIX Ha OJOKM JIaHHBIX, KOTOpPbIE MPEICTABISIOT COOOM
cilly4yaiiHple BBIOOpPKM OoJblIOr0 HAOOpa JaHHBIX, HAMpPUMEpP, MOJENb JAHHBIX
paznenenus cnydaitHod BbeIOOpKM (RSP) [19]. Takoe mnpencraBieHue TaHHBIX
MO3BOJISIET 00padarhiBaTh KaKIbIH OJOK JaHHBIX HE3aBUCHMO B BBIUYHCIUTEIHHOM
y37€ C TOMOIIBI0 MTEPATUBHOTO aJTOpPUTMa, a Takxke oOpadarbiBaTh MHOXKECTBO
OJTOKOB JaHHBIX C TMIOMOIIBIO OJHOTO M TOTO K€ aJlTOpUTMa B MacCOBOM
napaieIbHOM pexume. Pe3ynbrarsl 0JI0ka JaHHBIX 3aT€M TEPeIaloTCs Ha TIIaBHBINA
y3€ell JUIsl BBIUUCIICHHUSI OKOHYATENIBHOTO pe3yibrara. DToT nmoaxoj 6e3 MapReduce,
KOTOPBI MBI OOCYIMM B 3TOH CTaThe, MMEET CICAYIOIINE MPEUMYIICCTBA B aHATIN3E
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OOJNBIINX JAaHHBIX.

(1) Macmrabupyemocts. [Ipu 00paboTke pacTyiiero oobema JaHHBIX, HAIPUMEP
JAHHBIX TepabaWTHOTO MaciTaba, UTEPaTUBHBIC AJITOPUTMBI CIIOCOOHBI pearupoBarhb
B pa3yMHbIE€ CPOKH.

(11) DddexTuBHOCTH BBOAA-BBIBOAA. ECu pas3nensl JaHHBIX W TPOMEKYTOUHBIS
pE3yabTaThl HE TIOMENIAIOTCS B MAMSITH, MOJAKAYKa MaMSITH BBITIOHSICTCS HEUACTO.

(ii1) Coxkpamenue oOmienus. [Ipy BBHIOTHEHUH WTEpalMii 3aTpaThl Ha CBS3b
MEXIY BBIYMCIUTEILHBIMU Y3JIaMH OCTAIOTCSI HU3KUMHU.

(iv) IIpocras Monenp mapauiebHOrO MPOrPaMMHUPOBAHUS ISl UTEPALMOHHBIX
anropuT™OB. CIIO)KHBIE WUTEPATUBHBIC AJITOPUTMBI MOXKHO JIETKO YITAaKOBaTh B BHUIE
OIIepaTopOB /ISl TapasuIeTbHOTO BHITIOTHEHHUS.

OcTaBmrasicst 4aCTh 9TOM CTaThbM OpPraHU30BaHa CIeAyoMM oopasom. CHavyana
Mbl PACCMOTPUM OCHOBHBIE TEXHOJOTMU BbluMcieHHi 6e3 MapReduce — mopenb
naHHeiX RSP u crpykrypy LOGO, a Takke ux peanusanmio B Spark. 3areM Mbl
UCIOJIb3YyeM TPHU THUIA JITOPUTMOB MAIIUHHOTO OOy4YEHUSs: OOy4YEHHE C YUHUTEIIEeM,
oOyueHure 0e3 yuuTesss U aHaJlu3 Ma0JIOHOB, YTOOBI MPOUIUIIOCTPUPOBATH OCHOBHBIE
STambl BBIYUCICHHWN Oe3 wucnons3oBaHus MapReduce mnpu BhIMOTHEHWM 3THX
UTEPAIMOHHBIX aJTOPUTMOB HaJ OonbiiuMu HabopamMu AaHHBIX. Hakoner, bl
MPENOCTABIIIEM CMOJICTUPOBAHHBIE PE3YJIBTaThl, YTOOBI MPOJAEMOHCTPUPOBATH
MIPOU3BOUTEIHLHOCTD, d()(PEKTUBHOCT M MACIITAOMPYEMOCTh JTaHHBIX BBIYMCICHUN
6e3 MapReduce npu 3amycke aJirOpUTMOB MAIIMHHOTO OOy4YeHUs HaJl OOJbIIUMU
Habopamu gnaHHbiXx 70 10 Th. Mpb1 3aBepiiaeM 5Ty CTaThbl0 KpaTKUM 0030pOM
MpeuMYyIIeCTB BbluKciIeHu 6e3 MapReduce B aHanu3e O0ONbIINX TAHHBIX.

2. Botuucnenusn oe3 ucnonvzoeanua Mapreduce

Boruncnenust 6e3 ucnonb3oBanusi MapReduce ocHOBaHBI Ha JBYX OCHOBHBIX
TeXHOJIOTHAX: Monenu AaHHbIX RSP [19], xoropas mo3BojseT HCIONB30BaTh OJIOKH
JAHHBIX paclpeesieHHOro ¢aiiia TaHHBIX B Ka4eCTBE CIy4aillHBIX BBIOOPOK (aitnia
Oonpmx gaHHBIX, U wiarGopme LOGO, KoTopyro MBI IpejiaraeM B 3TOM CTaTbe IS
BKJIIOYMTH BhIUKCIIeHHS 6e3 MapReduce. Dtu aBe TEXHOIOrMH MOIAPOOHO ONMKMCAHEI B
CJICTYIOIINX JIBYX pas3zeliax, 3a KOTOPBIMU ClemyeT peanusamnus B Spark.

2.1 Mooenw oannvix RSP

Pacnipenenennbiii  aili gaHHBIX COXpaHseTCsd Kak HaOop OJOKOB JIaHHBIX,
KOTOpbIE pacHpelesieHbl M0 Y3/IaM KiacTepa W YOPaBIAIOTCS pPacHpeleeHHON
daiinosoit cucremoirt, Hanpumep HDFS [20]. Pasgen ciyuaiinoit BbIOOpKH WU
Mozienb nanHbiXx RSP npencrasnser co0oit Oonbiioit HAOOp JaHHBIX B BHUJIE pa3jesia
omokoB maHHbIX RSP [19], koTOpbIe TakKe COXpaHSIOTCS pachpeeIeHHbIM 00pa3oM
u ympasistorcss HDFS. Onnako kaxasiii 610k maHHbeix RSP coszmaercst ¢ momornibio
aNropuT™Ma pasfeieHus ciydaiHoil BbIOOpKU [21] cimydaiiHOW BBIOOPKH OOJBIIIOTO
Ha0opa JaHHBIX, MOATOMY €ro MOXHO HCIOJb30BaTh JJISI  BBIYUCIICHUS
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CTaTUCTUYECKUX OLIEHOK OOJIBIIOro Habopa JaHHbIX.
®opmaneHo nyctb D={r,,r,,...,¥y} 3TO MHOTOMEPHBII HaOOp AAHHBIX U3

N 3anucen. Kaxxpas 3anuces gauHelx  7;,={x,, X,, ..., X;,} HUMeeT M IpU3HAKOB, I7C

KKl TpHU3HAK X1 sBIseTcs ciydaiiHod BenmuuuHoil. Ilycts T — anroputm
pasneneHus ciydaiiHoil BbeIOOpKH, KoTophiii aenur D Ha K Hemepecekarommxcs
nogMHoxkects Dy, D,,..., D, , KOTOpbIE€ YIOBIETBOPAIOT CIEAYIOIUUM TpPEM

YCIIOBUSM:
Formally, let D={r,,r,,...,ry} beamultivariate data set of N records. Each

data record r,={x,,x,,...,x,,} has M features, where each feature x; is a random

variable. Let 7 be a random sample partitioning algorithm that divides D into K
nonoverlapping subsets D, D,,..,D,  which satisfy the following three

conditions:
(i)D=U<,D,,(ii)DND =8, 1<i, j<K ,i#j,
(iii)| F (D,)— F(D)|<9, 1<i<K
rne F() — xymymsatuBHas Qyukius pacnpenenenus (CDF) nabopa gaHHbIX, 2 0 —
HeOOoJbIIIas MONTOKUTENIbHAS KOHCTaHTa. DTo ycnoBue riacut, uto CDF Bcex 0iokoB
naHHbIX RSP nomkab! Ob1Th aHamoruaasl CDF Habopa qaHHBIX.
Hab6op D,,D,,..., Dy Ha3piBaercsa Mozenbto qaHHbX RSP D. Anroputv T B

[21] pabGoTaeT cnemayromuM 00pa3oM: MepBOHAYATBHO OJIOKU JAaHHBIX XPaHATCS Ha h
MalmHax (TaKkKe U3BECTHBIX Kak y3Iibl). [Ipeanonokum, 94To Kaxk bl y3en xpanut K
O710Kk0B JaHHbIX. Ha KaxkaoMm y3ie Bce 3amucd B KaXJIoM OJIOKe JaHHBIX
PaHIOMU3HUPYIOTCA, a 3aTeM KaXKIblii OJIOK TaHHBIX pa30uBaercs Ha K MUHU-OIOKOB.
Ota mnporenypa BBIIOJHIETCS NapauieabHO HAa BcexX y3nax. Ilocie 3Toro kaxiabii
y3€Jl MOJydYaeT MO OJAHOMY MHUHHU-OJOKY OT KaKJI0rO M3 BCEX OCTAJIbHBIX Y3JIOB, a
3aTeM OOBEOUHSAET UX CO CBOMM JIOKAJbHBIM MHUHHU-OJOKOM. B KOHIIE MCXOIHBIN
HaOop JaHHbIX peopranusyercs B 0moku RSP u coxpansercs B HDFS. Ha pucynke 3
MOKa3aH pado4mil mpouecc NporpaMmel.

2.2 Cmpykmypa n102omuna

VYuutsiBast Ha00p naHHBIX D B kauecTBe Monenu naHHbIX RSP, B BbrumcieHusx
6e3 MapReduce ananutndeckas 3aada D BBIMOTHSAETCS B paMKaX BBIYUCIUTEILHON
Cpellbl JIOKaJIbHBIX omneparuii ¢ miobansHbiMu omnepanusiMu (LOGO) Ha ToBapHBIX
kinacrepax. Apxurektypa LOGO cocTouT W3 IByX ypOBHEH: YPOBHSI IAHHBIX U
YPOBHS BBIYMCIIEHU, KaK [MOKa3aHO Ha puc. 4.

Ha ypoBHe nanHbIX (aityibl JaHHBIX TpuHUMAIOT GopMy O00koB RSP, koTopsie
pacnpezaeneHsl o n y3naM. O6braHo 610k RSP cooTBercTBYyeT citydaitHON BhIOOpKE
¢daiina maHHBIX, NoaJexamed aHanu3y. Ha BBIUMCIUTENBHOM YpPOBHE MPOIECC
BBINIOJIHEHUSI AaHAJIMTHYECKOM 3aJa4d COCTOMT M3 JIOKaJIbHOW (ha3bl M I100albHOMN
da3el. OauH y3en oTBevaeT 3a modanbHyro (azy, HazbiBaemyto mactepom GO. Bcee
Y376l MOT'YT IIPUCOEIMHUTHCS K JIOKaJIbHOU (haze, Ha3biBaemon padbourmu LO.
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Puc. 3: Pabouuii npoyecc arcopumma T.

JlokanbHas ¢aza. Kaxaplii ucnoiaautesnb LO BBINOMHAET JIOKAJIBbHYIO ONEpaIUio
HaJ CBOMM COOCTBEHHBIM OJIOKOM JaHHBIX RSP, He oOMeHHMBasCh IaHHBIMH C
JPYTUMH UCTIOHUTENSIMU. JIoKanmbHas oniepalusi MOXKET ObITh MPOCTHIM aJITOPUTMOM
WM OYEHb UTEPATUBHBIM. B KOHIIE JIOKAJIbHOTO ATaria cOo3/aeTcs JIOKAJIbHAsT MOJIEIb
Ha OCHOBe ojHoro Os10Ka AaHHbIX RSP. [mobanbhas ¢asa.

Puc. 4.
@ Cmoumocmo 6800a-6v1600a: umenue 610k08 RSP. @ Jlokanvuvie umepayuu. @
Cmoumocms ces3u: nepedaua mecmuuix pezyiomamos. @ Cmoumocnms 8600a-6b16004. 3aNUCH
OKOHUYAMENbHBIX Pe3VIbmanmos.

Korma Bce paboume LO 3aBepmiaroT cBou JOKalbHbIEe 3amaud, mactep GO
IIOJIy4aeT YBEIOMJICHHME M HCIIONb3YEeT YNAJEHHBIC BBI3OBBI IPOLEAYP MJIA YTCHUS
JOKaNbHBIX Mojenel oT Bcex pabounx LO. OH BhIMONHSET IMOOATbHYIO ONEPALUIO,
00BEIMHSIOUIY IO BCE JIOKAJIBHBIE MOJIETN M COXPAHSAIOIIYI0O OKOHYATEIbHYI0 MOJEIb B
xpanwiuie. B ommmume or MapReduce, KOTOpbIil BBINOJHSAET WTEPALMOHHBIN
JITOPUTM IYTEM UTEpALMM MHOXKECTBA Iap onepanuil 0TOOpakKeHHsI U COKPALLEHUS,
BO3HUKAIOUIUX M3-32 OOJBIIMX 3aTpaT Ha nepenady AaHHbIX, B pamkax LOGO
UTEPALIMOHHBIA aJrOPUTM 3aBEpIIAeT BHINOJHEHHE B pabounx mnporeccax LO
napajuiebHo 0e3 HeoOXOAMMOCTH mepenadd JaHHbiX. CrenoBaTelibHO, OH O4Y€Hb
3(pPEeKTUBEH NPU BHIIOIHEHUN UTEPALIMOHHBIX AJITOPUTMOB.

2.3 Peanuzayus e Spark
Boruncnennst 6e3 ucrnonb3oBanus MapReduce ¢ mozpenvio ganHbsix RSP wu
BBIUNCIIUTEIBHOU riatopmoit LOGO peaIN30BaHBI B HDFS

(https://hadoop.apache.org/docs/r1.2.1/hdfs_design.html) u Spark. Cnemyromue tpu
OCHOBHBIX KOMITOHEHTa MoApoOHO omucanbl HIke. (1) AGctpaknus RspRDD. Spark
ucnosibdyeT RDD 11 oOMeHa JaHHBIMH MEXy BbIUMCIEHUSMU. MBI ciaexyeM 3Ton
ujiee U co3/1aeM aOCTPAKIIMIO COBMECTHOTO HCIOJB30BAaHUS JAHHBIX TMOJ] Ha3BaHUEM
RspRDD, pacumpsis RDD B Spark. bnoku RSP B HDFS mnpencrasnenst B Spark
00bekToM RspRDD, KOTOpBIM MOXHO MaHUIYJIHPOBaTh MapajijIeNbHO, HAIpPHUMED,
kiacc RspRDDJT: ClassTag](prev: RDD[T]) pacuupsier RDD[T](prev){...} (ii)
[IpeoOpazoBanue RSP. Mb1 npenoctabnsem ¢ynkiuio RandomizeAndSlice() mns
paHOMHU3AIMY 3alicei B OJOKE JaHHBIX M pa3pe3aHus Onoka JaHHbIX Ha K mMuHH-
61okoB. Ilomb3oBarenn MOTYT MCIOJIB30BaTh €ro B CIEAyIOLIEM (parMeHre Koja
Huxe (Spark API B Scala), ytoOs1 mpeoOpa3zoBarh Onoku ganHbsix B HDFS B 610ku
nanHeix RSP. B crtpoke 1 ykaspiBaercs (haiim JaHHBIX, KOTOPBI HEOOXOAMMO
npeoOpazoBarh, u kommuectBO K pasgenoB B RDD. B crtpoke 2 dysKIus
RandomizeAndSlice() mepenaercs ¢dynkmun Spark API MapPartitions(), Tak 4to
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JIOKaJbHAs paHIOMHU3allMs U Hape3Ka BBIMOIHSIIOTCS JUIsl KaKI0ro OJ0Ka JIaHHBIX Ha
BCEX y3JaxX. 3aTeM KaXJIOMY MHHH-OJOKY Ha3HauaeTcs IIeJIOYUCICHHBIN KoY B
muanasone [1,K]. Crpoxka 3 Bei3biBaeT dynkuuto Spark API ymensmnteByKey(), Tak
4YTO MHUHHU-OJIOKH TEepeNatoTcs U OObETUHSIOTCS, B pE3yIbTaTe Yero Ha KaxaoM y3Jie
co3marorcsi O61oku RSP. Hakoner, crpoka 4 coxpansier stu 6moku RSP B (aiine
HDFS.

1: val RDDI1 = sparkContext.textFile(myTs k daitny, K)

2: val RDD2 = RDDI1.mapPartitions(Randomize AndSlice())

3: val rspRDD = RDD2.reduceByKey()

4: rspRDD.saveAsTextFile(rspfilepath)

(111) API-unrepdeiicol nororuna. JlokanpHas onepanus v rodajabHas onepanus
B cTpykrype LOGO Bwipaxatorcs ¢ynkuusimu LO() u GO() cOOTBETCTBEHHO.
Bxomubie 610ku RSP kak pazaenst RDD cHauana oOpabatsiBatorest pynkimenn LO(),
KOTOpasi BBIBOAUT JIOKAJbHYIO MOJEb s Kaxkaoro pasnena RSP. @ynkuusa GO()
oObEeNUHSIET BCE JIOKAJIbHBIE MOeNu, co3nanHbie QyHkmueir LO(), u BBIBOAUT
okoHvarenbHyto wmojenb. APIl-untepdeiicet LOGO mnopmep uBaroT HECKOJIBKO
S3BIKOB MPOTPaMMUpOBaHUs, Takux kak Java, Scala u Python. IloapobnocTh
dbynkuit LOGO API onncansr HUXKe.

« rspTextFile(rspfilepath): 3arpyxaer ¢daiin ganasix RSP B HDFS u Bo3Bpamaer
00bekT RspRDD, kotopslii npeacrasnser 010ku gaHHbIX RSP kak pazgenst RSP B
RDD.

* getSubPartitions(m): ciyuaiinsiM 00pa3zom BeIOUpaeT m% pazaenoB RSP.

« LO(L_Algorithm()): npunumaer @yukuutro L Algorithm(), xkotopas
OTIpeeIIsIeTCs TI0JB30BATENIEM U MOXKET OBbITh JIFOOBIM aHAJTUTUYECKUM aJTOPUTMOM.
On ornpasnsger ¢ysknuto L Algorithm() Bcem pabGotHukam LO. Kaxaprid
ucnonuurenb LO npumenser ¢ynkmuio L Algorithm() x cBoemy pazgeny RSP, a
3aTeM CO37aeT JIOKaJbHYI0 MOJeinb M3 Kaxaoro pasaena RSP Awnanoruyno,
JommycTUMO Takke ucnonb3oBanre LO(preProcess()), koropoe omnpenenser GyHKITUIO
MOATOTOBKM  JAaHHBIX Juisi  Kaxgoro paszgena RSP, Hampumep, 3amyck
LO(preProcess()) mepen LO(L Algorithm()) yxa3piBaeT Ha mNpeaBaApUTEIHHYIO
00pabOTKy JaHHBIX NEPE] MOJAECITHUPOBAHUEM.

* GO(G_Algorithm()): mpuHHMaeT ompeaessieMylo IMOJIb30BaTeNeM (PYHKIIUIO
G_Algorithm(), xotopas o0ObeAMHSET BCE JOKAJIbHBIE MOJEIM M  CO3JaeT
OKOHYaTenbHy10 Mozenb. Kiinentckas nmporpamma. B npuBeneHHOM HIDKE pparMeHTe
koja B Scala mokazaH mpuMep MOJIb30BATEIBCKOTO MPHIOKEHUS C UCIIOIb30BAaHUEM
LOGO. Crpoka 1 noarorasnubaetr o0bekT RspRDD st ykazanHoro Qaiina qaHHbIX
RSP. Crpoxka 2 npunumaer pazaensl RSP. Ctpoka 3 npenBaputenbHo oOpabarbiBaeTt
KXl pasnen AaHHbix. Ctpoka 4 Beinonnset Gyukiuo LO() ansa kaxaoro paszaena
RSP u Bo3BpamaeT m JOKaJbHBIX Mojeleld. B cTpoke 5 BbIMONHSETCS (PYHKIIUS
GO(), xoTopasi TaeT KOHEYHBIA Pe3yNbTaT IMyTEeM CIMSHHUS M JIOKAJIbHBIX MOJETEH.
Crpoka 6 coxpansieT okoH4yarenbHyto Monens B HDFS no myTtu x daiiny.
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: val rspRDD = sparkContext.rspTextFile(rspfilepath)
: val dataRDD = rspRDD.getSubPartitions(m)
: val trainRDD = dataRDD.LO(preProcess())
: val modelRDD = trainRDD.LO(L_Algorithm())
: val resultRDD = modelRDD.GO(G_ Algorithm())
: resultRDD.save(mryTs k daiiny)
W3 3toro npumepa BUIHO, 4TO ¢ noMoIibio LOGO craHOBUTCS MpOIlE HATUCATh
MOJIb30BATEIBCKOE MIPHIIOKEHHE JIJTsI aHATTUTHUECKOM 3a/1a4H.

AU I M

3. Anzopummul mawunnozo odoyuvenus noo LOGO

AJNTOPUTMBI MAIIIMHHOTO OOYyYEHUS IIMPOKO MUCIOIB3YIOTCS B aHAIN3€ OOJBIINX
JTAHHBIX, U OOJIBIIMHCTBO M3 HUX HUTEPATUBHO 0OpabaThIBalOT HAOOPHI JAHHBIX MJIS
MOKWCKa ONTUMAalbHOTO peuieHusi. Boruucnenus, ommmunbie or MapReduce, umeror
MPEUMYIIEeCTBa IPU BBHIMOJHEHUU UTEPATUBHBIX aJTOPUTMOB MAITMHHOTO OOY4YEHUS
nox LOGO. Huxe Mbl HCHONb3yeM TPU THIA aJITOPUTMOB MAITUHHOTO OOYYEHHS:
oOydyeHHEe ¢ yuHTeleM, OOydeHHe Oe3 yuuTelns W aHaiau3 IMabjJOHOB, YTOOBI
MPOJAEMOHCTPUPOBATH, KaK ATH alropuTMbI padorarot moa LOGO.

3.1 Anroput™msbl 00yuenus ¢ yuutenem B crpykrype LOGO anroputm oOyueHus
C yuuTeneM o0ydaeT MOJeibh Ha Ka)JIOM BBIYHCIUTEIHLHOM Y3JIe C MCIIOJIb30BAaHUEM
nokanbHbIX 0J10k0B RSP Ha nokanbHOU (aze u 00beUHSAET BCE JIOKAJIbHbIE MOJIEH B
OKOHYATEIbHYI0 MOJENb Ha mioOanbHOM ¢aze. JlokanpHas ¢aza. DT1O ciemyer
poLEAype, IPUBEIECHHON HUXKE.

(1) JloxanbHas ¢GyHKUMSA BBINONHSETCS Ha KaxkaoMm pabotHuke LO. OH penut
JIOKaJbHBIN BXOJHOM pa3aen RSP Ha oOyuaroniuii Habop 1 TeCTOBBINM HAOOP.

(i) OH BBI3BIBAET COOTBETCTBYIOIIMI aJropuT™M OOYYEHHS C Y4YUTEIeM U
reHepUpyeT JOKAJIbHYIO0 MOJIeIb Ha 00yJaroiieM Habope.

(111) OH moxy4yaeT TOYHOCTh JIOKAJTHLHOM MOJIENIA Ha OCHOBE TECTOBOTO Habopa.

(iv) OH otmpapnsieT JOKalbHYI0 Mojaenb pabotHuky GO. ImobanbHas ¢asa.
YuuThiBasi JIOKaJbHBIE MOJETH, CO37aHHbIe padoTHHkamMu LO, MBI mepexomuMm K
OMHMCAHUIO Pa3padOTKH TIO0AThHOU (YHKITNHU, OOBEIUHSIONICH JTOKAIbHBIE MOJICIH.
CymecTBylOT pa3Iu4Hble METOAbl WX OOBCAMHEHHWs, HAIPUMEp, B3BEIICHHOE
ycpeanenue[22—24], ronocoBanue[25—-27], noBropHoe o0yuenue[26, 28, 29] u 1. 1.
Mpb1 npuHUMaeM UJE0 METOAa TOoJIOCOBAaHMS M MpejyiaraeM riodaabHy (DYHKIUIO
G_SupervisedLearning. TpeOyercst HaOOp JOKaIBHBIX MOZAENEH, Kaxaas U3 KOTOPBIX
CBsI3aHa C ONPENEICHHOW TOYHOCThIO. Habop jokanbHBIX MoOjeNneld OTCOPTUPOBAH B
MOpsIiIKE BO3pacTaHWsl WX TOYHOCTU. Ha OCHOBaHWM IEHTpajJbHOM MpenebHON
teopembl[30] ymansroTcs mepBble UM noclieqHue 5% paHKUPOBAHHBIX JIOKAJbHBIX
MOJI, YTO TTIOMOTAET MOBBICUThH JIOCTOBEPHOCTH PE3yJITATOB NMPOTHO3UpoBaHus. [1ycTh
M — MHO>KECTBO OCTaBIIMXCS JIOKAJIBHBIX Mojelie. [l KaK0M 3alliCy JAaHHBIX BO
BXOJAHOM Habope MJaHHBIX D OH Cco3MaeT MNPOTHO3UPYEMYIO METKY, IPHUHSB
OOJIBIIMHCTBO roJIOCOB [31] MOKaIBHBIX Mojieei B M.
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3.2 Anzopummot o0yuenun de3 yuumens

B crpykrype LOGO anroputm oOyueHus Oe3 yuuTessi BBIIOJIHSET
KJIACTEpU3ALUI0 Ha KaXJOM BBIYMCIUTEIBHOM Y3JI€ C HUCIOJIb30BAHUEM JIOKAIbHBIX
omokoB RSP nHa mokanpHOM (aze. PesympTarel KiacTepu3alMd Ha  BCEX
BBIYHCIIUTEIBHBIX y3JIaX arperupyroTcs Ha riobansHOM dase. JlokambpHas daza. 910
CJIEyeT MPOLEyPe, IPUBEACHHON HIKE.

(1) JlokanbHas (pyHKUMA BBITONHIETCS HA KakI0M paboTHuke LO. OH BbI3bIBaET
COOTBETCTBYIOUIMI  QJIrOPUTM  HEKOHTpoiupyemoro oOyuenuss B  SMILE
(https://pypi.org/project/smile) u reHepUpyeT JIOKaJIbHYIO MOJEIb B JIOKAIHHOM
paznene RSP.

(11) Kaxnas nokanbHas MOJENb COCTOMT W3 Habopa KIACTEPHBIX IIEHTPOB,
KOTOpbIN oTnpasisieTcsa pabotHuky GO.

[mobGanbHas ¢aza. YuuTeiBas HaOOpHI IIEHTPOB KJIACTEPOB, CTE€HEPUPOBAHHBIC
pabounmu LO, moOanpHas (yHKIMS BBIONHSAET MPOIECC KIACTEPU3alUU BO BCEX
JIOKaJbHBIX LIEHTpaxX KJIACTEPOB U BO3BpAIacT HOBBIE LIEHTPHI KiactepoB [L3arem
KaXK7asi TOYKa JAaHHBIX TPUCBANBACTCS ONMMKalIeMy EeHTpy ee kiacrepa B [

3.3 Yacmo ecmpeuaronjueca anzopummspl UHMENIEKMYANbHO20 AHANU3A
HA0OpO6 31eMeHmoé

B crpykrype LOGO MbI pa3pabarbiBaeM M peaju3yeM JBa ajlropurma is
4acToro aHaiu3a HabopoB anemeHToB, TOo ecTb FIM I u FIM II. O0a anroputma
BBIUMCIIAIOT NPUOIM3UTEIbHBIE YAacTO BCTpPEYAIOMIMECs HaOOpbl 3JIEMEHTOB,
UCIOJIb3ysl HAOop u3 m pasnenoB RSP, yuuTeiBas mopor momaepxku 6. AJITOpUTM
FIM I conepxuT Tpu pa3a CBsI3U. Bo-epBbIX, KaKAbIM UCIOTHUTENL LO BBIUUCIISIET
JOKaNbHBIE  YacTO  BCTpeuaromuecss Habopsl  asnemeHToB  SL,  BBINONHSA
CYLIECTBYIONIUN aJITOPUTM aHaIM3a YacTO BCTPEUAIONIUXCS HAOOPOB 3JIEMEHTOB,
Hanpumep, anroputm FPGrowth [32], B tokansHoM pazaene RSP. 3arem paboune LO
OTIIPABJISIOT CBOM JIOKAJbHBIE PE3yJbTaThl (Mapbl «HAOOP AIIEMEHTOB-KOIUYECTBOY)
pabouemy GO. Ilocme Toro kak pabounmii GO oObenMHSIET MOITy4YEHHBIE HAOOPHI
SIEMEHTOB M CYMMHpPYET CYETYHK 1O Ha0Opy »dJIEMEHTOB, OH IepenaeT
oObeauHeHHbI Ha0op SG padounum LO. 3areM kaxapiii ucnoaHuteas LO Beruucser
KOJINUeCTBO HaOopoB AnemMeHToB B SL\SG u otnpasisier pesynbrarsl padboTHuky GO.
B koHiie koH110B, ucnofHutesb GO 0OHOBIAET KOTUYECTBO HAOOPOB 311eMEHTOB B SG
U 3aBeplIaeT yacThle HAOOphI AnmeMeHToB. [lomaepikka Kaxkaoro Habopa 3JIEMEHTOB
pacCUMTBIBAETCS MO CYETUMKY, IJI€ M — KoiaudecTBo paszaenoB RSP, a T —
KOJIMYECTBO TpaH3akIui B kKaxaoMm pasaeine RSP. Ha pwuc. 5 mokazan pabouunii
npouecc anmroput™Ma FIM I cneBa. Ha mareol Tpu ucnonnutens LO BbIYUCIAIOT
CBOM JIOKaJbHBIE YACTO BCTpeYarouiuecs HaOopbl 31emMeHToB SL U OTHpaBisioT
JokanbHble pe3ynbTarhl pabotHuky GO. Ha mare o2 ucnonautens GO mepemaer
oobenuHeHHbt Ha00p SG={{a, b}, {b,c}, {c,d}, {d,e}} paborHukam LO. Ha mrare
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03 kaxaplid ucromHuTedb LO BBIYUCIAET KOJIUYECTBO HAOOPOB AnemMeHToB B SG\SL.
3arem pabotauky GO pabotnuk LO I ormpasnser ({c,d}, 4), paboraux LO II
ormpasisiet ({d,e}, 4), a paborauk LO III ornpasnsier ({d,e}, 4). B koHIle KOHIIOB,
pabotauk GO 3aBepiaer moacueT HAOOPOB eMeHTOB. YuutbiBass m = 3, T =10 u
nopor noaaepkku O = 0,5, yacThIMU Ha0OpaMH AIIEMEHTOB SIBISIFOTCA {a, b}, {b,c} u
{c,d}.

Anroputm FIM_II oOmeHuBaeTcs OaHHBIMU TOJBKO OOWMH pa3. Bo-mepsbix,
aganornyno aimroputmy FIM I, Bce wucnomautenm LO  BBYMCAAIOT 4acTo
BCTpEYAIOIUecss HaOOphl AJIEMEHTOB B CBOMX COOCTBEHHBbIX pazaenax RSP wu
OTIPABJIAIOT JIOKaJdbHbIE pe3ynbrarel padoTHUKy GO. Ilomumo oObenuHeHUs U
arperupoBaHusl  TOJMYYEHHBIX  JIOKAJbHBIX  pe3yabTatoB,  pabotHuk GO
JIOTIOJHUTENIBHO COOMpAeT rojoca KakJI0oro Habopa 3JeMEHTOB OT paboTHUKOB LO.
Ecnu Habop 35eMEHTOB MOSIBISIETCS B JIOKAJBHBIX pe3yibTarax paborHuka LO, on
nosrydaet onuH rosioc [33]. 3arem Ha ctopoHe padouero GO a1t HAOOPOB ANEMEHTOB,
y KOTOpBIX KOA(D(UIIMEHT TOJOCOBAHMS TOJOCOB/M OOJbIIEe A, HUX CUETYHK
OOHOBJISIETCS Kak count = count/votes. 3aTeM MoAEpKKa KaXI0ro Habopa 3JIeMEHTOB
paccuutbiBaeTcsa mo yuciay count/T. B koHIle KOHIIOB, HAOOPHI YACTBHIX AJIEMEHTOB
J0pabaThIBAIOTCS B COOTBETCTBUH C 3aJaHHBIM TOpOTOM moaaepxku O. Ha puc. 5
cnpaBa Toka3aH pabouutii porecc anroputma FIM I, tne A = 50%, m =3, T=10wu
o0 = 0,5. Ha mare ol tpu ucnomnutenss LO BBIUUCISIOT CBOM JIOKAJbHBIE YacTO
BCTpEYaoIIMecss Ha0Opbl 3JEMEHTOB UM  OTHPABIAIOT JIOKAJIbHBIE PE3YJIbTaThl
pabotHuky GO. 3arem wucnonautenb GO cymMmupyeT mNoaCYeTHl MO Habopam
AJIEMEHTOB U cobupaet rosoca. Ha mare 02, mockoibkKy K03(Q@PUIUEHT roj0COBaHUS
Habopa amemeHToB {d,e} paBeH 1/3, uyto mensbie A = 50%, oH oTOpackiBaeTcs. 3areM
OOHOBJISIIOTCA CYETYMKU TpeX JApPYyrux HaOOpOB 3JIEMEHTOB. B KOHIlE KOHIIOB,
HanOoJiee 4acTo BCTpEYArOIIMMHKCS HabopaMu 3JIEMEHTOB SBISAIOTCA {a, b}, {b,c} u

{c,d}.

4. Ilpouzeooumenvrhocmeo

YroObl  mpoaeMoHCTpUpoBaTh  3(G(GEKTUBHOCTH M PE3yJbTaTUBHOCTD
BbrunciauTensHoit cpeasl LOGO, Mbl cpaBHHMBaeM ee C Tpemsl KOH(UTrypanusmu
Spark:

* Spark: 3anyck anroput™moB B Spark ¢ ncnonp3oBaHueM Bcero Habopa JJaHHbIX.

* Online-Sample-Spark: cHauana BeI3bIBa€TCS BCTPOCHHBIN ONIEPATOP BHIOOPKH B
Spark, 4To6BI TIOMYuNTH BBIOOpOUHBIE AaHHbBIE (5 % HcXogHOrOo Habopa JaHHBIX), a
3aTeM BBITIOJIHSIOTCS aJITOPUTMBI Ha BEIOOPOUHBIX JaHHBIX.

* Sample-Spark: To xe camoe, uto Online-Sample-Spark, HO 0e3 yuera
BPEMEHHBIX 3aTpaT Ha OIepaIuio BHIOOPKH.

Bce oneHku BBIMOJTHSIOTCS B KIIACTEPE, COCTOSIIEM U3 32 BBIYMCIUTEIBHBIX
y310B. Cpenu HuX 24 y3i1a UMEIoT 110 ABa mporeccopa Intel Xeon E5-2650 ¢
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Puc. 5: Aneopummor ananuza yvacmo ecmpeuarouguxcs Habopos snemenmos ¢ LOGO.

16 snep ¢ wactoron 2,6 I'Tnu u 128 I'b ocHOBHOM mamsTH, a 8 y3710B UMEIOT 110
nBa mporeccopa Intel Xeon E5-2630 ¢ 12 sapamu ¢ ywacrotoit 2,6 [T u 128 I'b
ocHoBHOU mamsTH. B knactepe padorator Spark 2.4.0 u YARN 3.0.0. [Ins xaxmoro
anroputMa Mbl uctiosib3yeM YARN, utoObl BeiienuTh He Oonee 100 ucnonnuteneit u
1,6 Th onepaTuBHOM MaMSITH.

4.1. IlpouzeooumenvHocme an2opummos 00y4eHus ¢ yuumenem

Mgl HCIIOJIb3YEM 100-mepHBIC HaOOPBI JTAHHBIX IS OIICHKU
IPOU3BOAUTEIBHOCTH YETHIPEX aJITOPUTMOB OOyUEHHUSI C YUHUTEIEM: JEPEBO
pelieHui, ciiy4alHbli Jiec, Jjoructuueckas perpeccust 1 SVM. Ha pucynkax 6 u 7
MOKa3aHO BpeMs pabOThl M TOYHOCTh YETHIPEX KOHTPOJIHPYEMBIX aJrOPUTMOB
obyuyenust B LOGO u Tpex xoHpurypamusx Spark mpu nu3menenuu pazmepa Habopa
nanHbIX oT 50 I'b o 10 Th. Bpems pa®otsl Spark yBennunBaeTcsi 3KCOHEHIIMAIBHO
[0 MEpe yBEJIMYEHUs pa3Mepa HaOopa NaHHbIX. Ero BBIUMCIMTENBbHBIE 3aTparhl
BBICOKH, €CJIM pa3mep Habopa naHHbIX npeBbimaeT 1,5 Th. O1o cBsA3aHO ¢ TeM, 4TO
Spark BBIMIOJNIHSIET KOHTPOIMpPYEMbIE QJITOPUTMbI OOydeHHsI JUisi BCero Habopa
JAaHHBIX, a UTEPAIlMY B aJITOPUTMaX BBI3BIBAIOT BBICOKHE 3aTpaThl Ha cBs3b. M Online-
Sample-Spark, u Sample-Spark BeIMOTHSIOT AITOPUTMBI KOHTPOJIMPYEMOTO 00yUCHUS
Ha BBIOOpKE Bcero Habopa maHHBIX. TakuM o00pa3oM, BpeMs HUX pabOTHI
YBEJIMYMUBACTCS JTUHEHHO MO Mepe yBEJIMYeHMs] pazMepa Habopa naHHbiX. OmHAKO
eciu pazmep Habopa gaHHbIX npesbiaet 2 Th, Bpems pabotsr Online-Sample-Spark
OBICTPO BO3pacTaeT. ITO CBSI3aHO C TEM, YTO OHJIAMH-BHIOOpKA OONBIINX HAOOPOB
JAHHBIX ~ BBIMIOJHSAETCA MeMJeHHO. Eciu  UCKIIOYUTh  CTOMMOCTH — OHJIAiH-
CEMIUIUPOBAHUSA, MOXKHO 3aMEeTHTh, uTo Sample-Spark 1 LOGO 6nu3ku no BpeMeHu
pabotel. Tem He menee, LOGO paboraet ObicTpee, yem Sample-Spark. [Ipuunna B
TOM, YTO JJI1 OJTHOTO M TOro k€ oObema JNaHHbIX Sample-Spark umeer croumocthb
CBSI3U B KOHILIE KaXJ0u urepanuu, Toraa kak LOGO BBINOIHIET UTEPALUN JTOKAJIBHO
U HMEET CTOMMOCTb CBSI3M TOJBKO IIOCIIE€ 3aBEpUIEHUS BCEX HTepauuid. 3a
UCKJIIOYEHUEM oOlepaluu oHlaiH-BbIOOpKkH, Online-Sample-Spark u Sample-Spark
OJIMHAKOBBI U UMEIOT OJMHAKOBBIC PE3YJbTaThl U TOYHOCTh. Spark u3ydaet Mojienu Ha
BCEM HaOope JaHHBIX, B TO BpeMs kak Online-Sample-Spark u Sample-Spark umeror
TOT K€ Tporecc oOOydeHHs, HO HCIOJNB3YIOT oOpaselnr HaOopa JaHHBIX.
CnenoBarenbHO, TouHOCTH Spark Beimie, yem Online-Sample-Spark u Sample-Spark.
Jnst anropuTMOB JiepeBa peUIeHU U ciiyqaitHoro jieca TouHoctb LOGO Bbiliie, 4eM y
Spark. Oto cBs3aHo ¢ Tem, uro mpomecc obOydenuss B LOGO ananmormuen
ancam01eBOMy OOy4EHHIO, KOTOpOe ObUIO MOKa3aHO Kak dPPEKTUBHAS CTPATETUS IS
aJIrOpUTMOB JiepeBa pelieHuid u ciaydaitHoro seca [34, 35]. Takum oOpa3oM, XOTs
LOGO wuzyuaer Mozmenu Ha BbIOOpKE Habopa AaHHBIX, OH oOecredyuBaeT Ooliee
BBICOKYIO TMPOM3BOAUTENBHOCTh, 4eM Spark. Torma kak s JIOTHCTHYECKOU
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perpeccun u anroputMoB SVM tounocth LOGO Omm3ka k TouHOCTH Spark.
[IpyurHa MOXKET 3aKIIOYAThCA B TOM, YTO TOYHOCTh Spark BBICOKA, T. €. IPEBBIIIAET
90%, 103TOMYy BO3MOKHOCTH ISl YAYUILIEHUS] OTPAHUYEHBI.

4.2 Ilpou3eooumenvHocms anzopummo8 HEKOHMPOIUPYemMo20 00yuenus

\Y 181 UCIIOJIb3YEM 100-mepHbBIE Ha0OPBI JTAHHBIX I OIICHKU
MIPOU3BOAUTEIHHOCTH BYX aIrOpUTMOB 00ydeHus 0e3 yuutens: Kmeans u Bisecting
Kmeans. Ha pucynkax 8 um 9 mokazaHo Bpemsi pabotel, yuctora u C-dist nByx
aNropuTMOB HekoHTposnupyemoro o0yuenus B LOGO u Tpex koHpurypanusx Spark
py U3MeHeHuu pazmepa Habopa nansbix ot 50 I'b no 10 Th.

Kak m B ciywyae c pe3yibTaraMu OLIEHKHM aJTrOPUTMOB KOHTPOJIHPYEMOTO
oOydeHwus, BpeMs padboTsl Spark ObIcTpo yBenuuuBaeTcs, U Jyuisi Spark craHoBuTcs
HEMpaKkTUYHO pabotarh ¢ Habopamu naHHbIX pazmepom Oosiee 1 Th. Omneparus
OHJIAWH-BBIOOPKU  SIBJISIETCSL  JIOPOTOCTOSIINIEH, eciu pa3mep Habopa JaHHBIX
npeBeimaer 2 Th. 3a uCKIIOYeHHEM CTOMMOCTH OHJIAWH-BBIOOPKH, BpeMsi pabOThI
Sample-Spark 1 LOGO ananoruuso g anroputMa Kmeans, a LOGO 6wicTpee, yem
Sample-Spark, B oTHOIIEHNHU anroputMa feneHuss Kmeans momonam.

Puc. 6: Bpemsa konmponupyemozo o6yuenus.

[IpuurHa B TOM, YTO IIPU OJMHAKOBOM 00BEME JAHHBIX CTOMMOCTH cBsizn LOGO
Huxe, yem y Sample-Spark. KauecTBo 00Hapy>KEHHBIX KJIACTEPOB MBI OILICHHUBAEM I10
nokazarensim Yucrora (uem Bbitne, TeM jayuiie) U C-dist (dyem HUXKe, TeM JIydIle).
Kak mokazaHo Ha pucyHke 9, mpu HCHOJIB30BAaHMM OJHOTO W TOTO K€ Mpolrecca
KJIaCTepHU3alliu, TOCKOIBKY Spark mcmonbs3yeT Bech HaOOp JAaHHBIX, a Sample-Spark
u Online-Sample-Spark ucnons3yror obpaszen nanubeix, Spark gocturaer Oosnee
BBICOKOM  Ipou3BoauTenbHOCTH. KadecTtBo kimactepoB, HauaeHHblx LOGO,
aHAJIOTUYHO KaduecTBy Spark.

4.3 Ilpou3eooumenvnocms an20pUMMO8 UHMENNEKMYAIbHO20 AHATU3A
Yacmo ecmpeyaruuxcsa Hadopoe I1emMeHmos

Ha puc. 10(a) mokazaHo Bpemsi paOOThl aJTOPUTMOB HWHTEIIEKTYaIbHOTO
aHaiM3a 4YacTo BCTpeyarmuxcs HabopoB siemeHTtoB B Spark u LOGO mpu
M3MEHEHUH KOJIMYeCTBa TpaH3akuui. [lopor moamep:KKu yCTAaHOBIIEH Ha YpPOBHE
0,15. Jlns HaOOpOB JTaHHBIX, COMEPXKAITUX MEHee 2,75 MUJUIMOHOB TPaH3aKIUH, MBI
opraauzyem 5000 TpaH3akuuii B o1UH OJIOK JaHHBIX. J[71s1 HAOOPOB MaHHBIX ¢ Oojee
yeMm 2,75 MWUTMOHAMH TpPaH3aKIUK OAWH OJOK MaHHBIX COACPXKUT | MUJUTHOH
Tpan3akuuid. Bpemsi pabotsl Spark upe3BbluaiiHO Benwko Mpu oOpabotke 2,75
MWUIMOHA TpaH3akiuil. [lpuunna B Tom, yto amroput™m FP-Growth B Oubnuoreke
Spark [36] cTtpout pacmpenenenHoe FP-mepeBo mo Bcem pasnenaM U pPeKypCHUBHO
M3BJIEKAET 4YacTO BCTpedarouiecs HaOopbl 31emMeHTOB. OH reHepupyer OobllIoe

Systems theory, algebraic biology, artificial intelligence: mathematical foundations and applications 269



KOJIMYECTBO TPOMEKYTOUYHBIX MEPEMEHHBIX, YTO TpeOyeT OONBIIOro o0beMa MaMsTH
u orHuMaeT MHoro Bpemenu. M Online-Sample-Spark, u Sample-Spark Takxe
ucnoinb3ytot anroput™m FP-Growth B 6ubnuorexe Spark.

Puc. 7: Tounocmv konmponupyemozo o6yuenus.

Puc. 8: Bpems evinonnenus obyuenus b6e3 yuumeins.

[To Toit xe mpuumHe Spark He MOXET OTBETUTh B pa3yMHbIE CPOKH, KOIJa
KOJIMYECTBO TpaH3akuuil npesbimaer 60 muwummonoB. AnroputMmel FIM T u FIM 11
Ha LOGO cnocoOHbl oOpabarbiBaTth | Musuimapy TpaH3akiuil. Bpems ux paOGotbl
CyOJIMHEWHO YBEJIMYMBACTCS [0 MEpPE VYBEIMYECHHUS] KOJUYECTBA TPaH3AKIUH.
Brruncnurensnsie 3arparsl anroputMa FIM I HemMHOro Bblllle, 4eM y ajlropurma
FIM_II, nockonsky FIM 1 conmepxkut emie oqun paynna cBs3u. Ha pucynkax 10(b) u
10(c) nokazana TouHocTh U 0T3bIB AIropuT™MOB FIM I 1 FIM_II B LOGO, npunumas
32 OCHOBY 4YacCTO BCTpeYarouuecs HabOpbl 3JEMEHTOB, HailneHHble Spark. TouHOCTB
u nonHotra FIM 1 konebmiorcsi B paiione 98%, Korja KOJIMYECTBO TpaH3aKIIUM
Bappupyercs ot 105 no 107.

Tounocts FIM_II Huxe 90%, Korma KOJMYECTBO TpPaH3aKLMM BapbUPYETCS OT
105 no 107. IlpuumHa B ToM, yTO 00a aJrOpUTMa HUCIHOJB3YIOT YacThle HaOOPbI
AJIEMEHTOB B BBIOOpKaxX sl allpOKCHMAllMM peajibHbIX pe3yabTaroB. bbiBaer, yTo
HEKOTOpbIE HeYacThle Ha0OPHI AIIEMEHTOB OKa3bIBAIOTCS B BRIOOpKaxX yacThiMu. Korma
Ha0Op JaHHBIX HEOONBIIION, 3TA CIIYYaHOCTD BIUAET HA TOYHOCTH PE3YJIbTATOB.

Puc. 9: Yucmoma u C-dist ooyuenus 6e3 yuumerns.

Puc. 10: Yacmeiii ananuz Habopa snemenmos.

Opnako ecnu HaOOp AAHHBIX OOMBIION, ITOT 3PHEKT MOKHO UTHOpUpOBaTh. Kak
MOKAa3aHO Ha pUCYHKaX, TOUHOCTh U nojgHoTa FIM I u FIM_II 6auzku k 100%, xorna
Konm4ecTBO TpaH3zakiui npesbimaer 108. B nenom FIM I nyume, ywem FIM 11, ¢
TOYKHU 3pE€HUs TOYHOCTH pe3ynbTaroB. [loromy uto y FIM I ecth eme onun payHp
CBSI3M ISl 0OOMeHa UH(popMaIMend MeXIy BbIUUCTUTEIbHBIMU y37amu. [IpuHumMasi Bo
BHumanue, uro FIM Il nyume, wem FIM I, ¢ Touku 3peHust BpeMeHU pabOTHI.
CnenoBarenbHO, IJis 4acToro aHaiam3a HabopoB snmeMeHToB LOGO mpeBoCXomuT
Spark, Online-Sample-Spark u Sample-Spark ¢ Touku 3peHus BpemeHu pabOTHI U
Mmacirtabupyemoctd. bonee Toro, mpuOMM3HUTENbHBIE PE3yAbTATHI, MOIYUYCHHBIC
anroputMamMu FIM I u FIM_II, 6i13ku K UCTHHE.
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5. Bovieoowi

B »sToit cratbe MBI mpemiaraem  mapaaurmy — Non-MapReduce  ans
pacupeneseHHOro aHajau3a OONbIIMX JaHHbIX. B KauecTBe BXOAHBIX JIAHHBIX OH
IpUHUMAET (pparMeHThl ClIy4yailHOW BBIOOPKH, a HE BeCchb Ha0Op naHHbIX. [IpuHuMas
3TOT MOJXOJ, UTEPALMOHHBIE AJITOPUTMBI BBIMOIHIIOT UTEPALMH PA3JEIOB JTAHHBIX
napajjielbHO M HE3aBUCHUMO, YTO 3HAYUTENIbHO CHUYKAET 3aTpaThl HA BBOJ-BBIBOJ U
CBsA3b. Pe3ynpTaToM SIBISIETCSA arperupoBaHuE PE3yNIbTATOB, ITOJIYYEHHBIX U3 Pa3/ielioB
naHHeIX. Mpbl  peanuszyem mnapaaurmy Non-MapReduce, pacmmpsiss Spark wu
npencrasiss BeraucauTeabyto cpenry LOGO. On a¢gdekTuBeH npu BBOJE-BBIBOJE U
oOMeHEe TaHHBIMU, CIIOCOOEH BBITMOIHATH UTEPATUBHBIC AHAIUTUYECKUE aJITOPUTMBI C

HaboOpaMH JaHHBIX TepabalWTHOro Macmraba U HUMEET TNPOCTYI0 MOAEIb
napajuieIbHOro MporpaMmmupoBanus. Mel Takxke npumenseMm cTpykrypy LOGO
4acTo WCIIOJIb3YEMBIM anropuTMaM KOHTPOJINPYEMOTO oOyueHus,
HEKOHTPOJIMPYEMOTO OOYyYEHHSI U YACThIM AJITOPUTMaM MHTEIUIEKTyaIbHOIO aHajIn3a
Ha0OpOB AIIEMEHTOB. Pe3ylbTaThl SKCIIEPUMEHTOB IEMOHCTPUPYIOT 3()PEKTUBHOCTD U

pesynpratuBHoCTh LOGO.
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(i) RspRDD. Spark fii /i RDD i3 [H] 354
Y. EIEX A, WP R Spark Hif) RDD, 17z
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H1i) RSP HAE Spark 1 fiRspRDDEKIN, B H] AFFATHE
1B, Bk LR R

class RspRDD[T: ClassTag] (prev: RDD[T])
extends RDD[T] (prev){...}

(ii) RSP ¢4, S0t TRtk rp B BEHLIL U
Fh K A~/ :RandomizeAndSlice (), Ji F7A]
PAYE N TEACRS Fr Bt (Scala JUAY Spark APT) Hr i
B, IR HDFS it Bl ity RSP $dath. &
1 14 5 BEEAR B ORI RDD iy K 4E K
5 2 476 K ${RandomizeAndSlice () f£#: 4 Spark APT
P ¥mapPartitions (), PAETEFA T & Eda ik
AT RTREENUE AT . SRS, SRS N TG
AN [1, K] %A, 5 3 47 Spark
API {reduceByKey O {4l &/ VECHEH, WAL
A EA R RSP B, FJE5iX 2k RSP B f7 5|
HDFS 1,

1: val RDD1 = sparkContext.textFile(filepath, K)

2: val RDD2 = RDD1.mapPartitions(RandomizeAndSlice())
3: val rspRDD = RDD2.reduceByKey()

4: rspRDD.saveAsTextFile(rspfilepath)

(iii) LOGO APIs. LOGO 14 HES (i i B Ve Al
&R EEEA HIALOO MG O R, BRELOO ¥ a3
fE>% RDD 4y X% A RSP #, F-HERA> RSP 4 [X
E AR, BREGO O 2 & R ARLO O A A
WA R A, IR R 2. LOGO APT 34
Java, Scala. Python &Zfhgmfiifis, HEREIEL
PEHAT .

o rspTextFile(rspfilepath): f£ HDFS il
RSP i 3, 3 [1l—RspRDDXJ 52 , %A S AF
RSP flitkE7 RDD Hii—4~ RSP 731X,

o getSubPartitions(m): [ENLIERE m B RSP 40X,

Shttps://hadoop.apache.org/docs/r1.2.1/hdfs_ design.html

o LO(L_Algorithm()): #%Z — M H P & XK
BL_Algorithm(), %R AT DL AR T 40 A k.
B RS _Algorithm () 43R 45 Fr L0 workers,
L0 worker HFpREIL_Algorithm() W HEIHC
AHuf RSP 43X, #KJG MBS RSP 40 X A pl—
AR . LI, pRERLO (preProcess()) N
T8 THEEA RSP 2 X it A 780 Wik HLAY R 45
BN, FEAT R BLO(L_Algorithm()) 2 BIiEAT
PR ZYLO (preProcess ()) F /R 7E AR 2 Hil #4784
THALFRAAE
o« GO(G_Algorithm()): B H & LK
G _Algorithm (), X pRELG I T A RERILAL I A
B A
PR . R Scala U A BUBR T —ANME
LOGO i HHELM YRG5 117 h48E 8 RSP 4
P SO £ — P RspRDDXS 4. 5 2 473RHL m 4~ RSP
e BB 3 ATRMEEAN R A I TR ] . 5 4 AT
B4 RSP 40X EPATERELOO , IR E] m ASAH )R
TRIALEY . 55 5 ATHATIREIGO O, ZREGE T A I m
A SRR AL P A B A B S R B 6 AT IR AR LR AT
1 HDFS f#gEfilepath{ii & .

: val rspRDD = sparkContext.rspTextFile(rspfilepath)
val dataRDD = rspRDD.getSubPartitions(m)

val trainRDD = dataRDD.LO(preProcess())

val modelRDD = trainRDD.LO(L_Algorithm())

val resultRDD = modelRDD.GO(G_Algorithm())
resultRDD.save(filepath)
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WAEE T HE Y, BT O R E B [30]
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BRI, Bl M ry R T 2 5k
AR EE [31] 1y 2k A BRI AR
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Shttps://pypi.org/project /smile

Systems theory, algebraic biology, artificial intelligence: mathematical foundations and applications

FIM_I RSP Partition I FIM_II
Itemset | count
Itemset | count Itemset | count | votes
{a, b} 5
{a, b} 18 b, } 7 wnion @ i; b; 18 3
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(o d) e {d, e} 5 aggregate (e, d} i >
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Itemset | count Itemsets | count
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Itemset | count fe,d} 5 fe, d} 53
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{c,d} 15
{d, e} 13 RSP Partition ITT
Itemset | count
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support = —— (b} 7
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(W FP-Growth Y% [32]) KAt HEAHIMNE 4L Sp; K
J&, LO workers KFEATRIAMZR (WAE-BmAT) Kik
45G0 master, GO master KRFISCH Y WA BE A8 R I 4%
WAL ST EUE, L0 worker J"HEHKA S Se. T
HK, HLO worker 1155 S \ Sp AL TTEL, I
R4 R A& 5 M]G0 master, )5, GO master B3 Sg H
AR THEL, A A . IR SRy
JEFZIR count/(m x T) HKIH5E, Hrpom j2 RSP 43X
W%, T 284 RSP 4K ¥k . & 5760
JER THREFIM I TARRRE . 7203 O 1, =410
worker T84 H B AR MK IR Sp, FRFAHZY,
KiLZHGO master, TEHTE @ H', GO master KFHEE4E
Se = {{a,b},{b,c},{c,d},{d,e}} I K410 workers, 7
S H, FL0 worker THE Se\ St IR AL,
SR J5L0 worker I [7]GO master &% ({c, d},4), LO worker
IT %% ({d,e},4), LO worker IIT k% ({d,e},4). )T,
GO master i 28 e HEM T fiE m=3.T =10
FISCRE B 6 = 0.5 AR, BTN {a,b}. {b, c}
1 {c,d}.

HVEFIM _ ITHGEE K. &6, SFIM_ IHWEE
81, FTALO worker £ H CLHY RSP 43X b i1 5545 % i
8, FFRAREIR KK 4560 master. [ T ECEI K
AHZER AN, GO master JEMLO worker W EESRET4E
B R — A I4E H BLAE — L0 worker ()74l
gikr, ER2HEGE—E [33]. RJF1EGO master Jj,
T HRF votes/m KT N WYL, HITECEH N
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count = count/votes. % T3, T count/T TTH A
AN H LW SR . B e AR 4 B SRR IBUE O i A
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SRFET B H Al =AU T, SRIRE LN {a, b},
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