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Abstract—Scientific workflow involves data generation, data
analysis, and knowledge discovery. As the data volume exceeds
a few terabytes (TB) in a single simulation run, the data
movement, which happens among data generation, data analysis,
and knowledge discovery, becomes a bottleneck in most scientific
big data applications. Our previous work shows that reusing
the analysis results can have a significant potential in reducing
the overlap between data movement among compute nodes and
storage nodes. In this work, we propose a new in-advance data
analytics method to augment the result reuse. The fundamental
idea of this in-advance data analytics method and its prototyping
system is to predict the potential useful analytics operations
by studying the users’ analysis pattern. The predicted analysis
operation is pro-actively performed on existing data and the
analysis results are stored in an in-memory database for result
reuse. The evaluation shows that the in-advance data analytics
method and its prototyping system gains 1.2X-6.1X speedup in
I/O performance improvement with 50% data overlapping and
10%-100% operation recommendation hit rate. The proposed
in-advance data analytics method brings a new promising data
reduction solution for big data applications.
Keywords-in-advance data analytics, big data, data intensive
computing, scientific computing

I.

INTRODUCTION

The current big data challenge in scientific application
involves two parts, i.e., data storage and data computing. As
the computing power tends to increase much more faster than
the storage capability, the poor I/O performance has become
a critical bottleneck. The main cause of the I/O bottleneck
is slow disk-read speeds compared to both the CPU speed
and memory bandwidth. As the size of data collected from
scientific instruments and generated from simulations keep
increasing rapidly, the I/O access cost dominate an application’s execution time. Reducing data movement has never
been so important to address the I/O bottleneck issue. Recent
studies including in-situ/in-transit data processing [19], [3],
[10] (processes the data simultaneously at the time the data
are generated), data compression [12], [5], [9] (compresses
the data before written to storage), and active storage [16],
[14], [18] (moves the computation to storage and performs
the analysis directly in place where the data are located) are
all along this direction.
Among those techniques, the in-situ/in-transit processing
usually desires enough prior knowledge of how scientists
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conduct the analysis, therefore it is sometimes hard for applications that the scientists prefer to perform iterative and diverse post-analysis. The active storage attempts reducing data
movement during analysis phase with an assumption that the
storage device is able to deliver the computing power that the
processing requires. However, many scientific computations
desire more computational power than what storage devices
can offer, especially when working on big data problem. Data
compression reduces data movement by requiring an additional
step to compress and decompress the data.
Both of our previous work (segmented analysis [13]) and
the Resilient Distributed Datasets (RDD) design in the Spark
data processing framework [20], demonstrate that caching the
analysis results in memory can further reduce data movement
dramatically. The core idea is to re-use the cached results, instead of raw data, to reconstruct the future analysis. However,
these current studies only consider reusing the existing results,
and the I/O performance depends on whether the results can
be hit.
In this paper, we propose a new method, ’In-advance Data
Analytics’, to predict the future analysis operation based on
history information. The fundamental idea is to analyze the
existing analytics logs to extract the analytics pattern. When
there is a new analytics operation, the future operation is
predicted according to the pattern and the data analytics are
conducted ahead.
The rest of the paper is organized as follows. Section II
presents a motivating example script and application. Section
III presents the definition and detection of the analytics pattern.
Section IV discusses the system design and related algorithms.
We present performance evaluation results in Section V. Section VI discusses related work and compares them with our
proposed strategy. We concludes the discussion in Section VII.
II. M OTIVATION
In climate science community, data are either collected from
instruments, e.g., satellite, or generated from simulations with
climate models, e.g., general circulation model(GCM [2]) and
Global Coupled Climate Models(CM2 [6]). The dataset usually covers a high-dimensional grid with multiple parameters.
Scientists query and access different subsets of the data to
perform the analysis, which involves large amount of data
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more meaningful analytics pattern, and once detected, later
occured operations are easily predicted. On the other hand,
the randomly generated training sets have few meaningful
patterns, and only the prediction steps can affect their hit
rate. The experimental results confirm our analysis. Besides,
in Figure 4, the ‘Theory’ line shows a theoretical hit rate, i.e.,
the number of steps divided by total unique operations. The
Markov algorithm outperformed the pure random selection due
to the accumulation of the transition probability. This transition
probability matters more in practice. At last, ‘No Prediction’
clearly has no capability to predict the future, which is used
in the previous work [13].
The hit rate is only one factor that can have effect on the
I/O performance though. A high hit rate still can not guarantee
a high I/O performance, but it is always better to achieve a
good hit rate. Therefore, we would use the Markov algorithm
to predict 30 or more steps (users can decide) to gain 50%+
hit rate. For memorable pattern, we only use one prediction
step, which is enough to achieve high hit rate.
To observe how the I/O can be improved with the recommendation, we run the In-Advance Data Analytics system
over a 179GB synthetic climate dataset. In this test, we
initialized one memcached instance, with 1024 MB capacity.
The training scripts for the recommendation is the previous set.
We submitted analytics operations randomly to the In-Advance
Data Analytics system and measured the the I/O time with
and without the recommendation. The tests were conducted
with 96 processes and 100 total OSTs. Figure 5 shows that
the I/O cost becomes less as the recommendation providing
higher hit rate and the data has more overlapping. This
observation confirms two necessary conditions, in which the
data movement is reduced only if both the computation and I/O
are overlapped. Observing the surface in the figure, we can also
find that the I/O performance is not guaranteed given certain

pair of hit rate and overlap percentage. For instance, the case
with hit rate=0.2, overlap percentage=0.9, should be better
than the case with hit rate=0.1 and overlap percentage=0.9, but
it turns out the opposite. This situation occurs because that the
hit rate is a probability that the recommended operation is hit,
and does not mean it will be hit. Therefore, we need to use our
recommendation algorithm to predict more steps of operations
and cache more results for future. On the other hand, the
overlap percentage is proportional to the I/O performance.
This observation shows the importance of our system’s finer
segmentation, which helps in detecting more data overlap.
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In group two, we evaluated the query efficiency using the
distributed in-memory database. Figure 6 shows the performance comparison with and without the in-memory database.
This group of tests used one instance memcached and allocated
6GBs memory. We generated different size of analysis results
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and stored them in file and the database separately. We
performed 10,000 times of query and plot the total response
time. To be precise, in each test, the results stored in file are
all read into memory and the query is performed in memory.
On the other hand, the in-memory database is started from
the first test and keeps running as a distributed server. We can
observe that using in-memory database, the query response is
constant and is only proportional to the number of query items.
While the traditional ‘offline file search’ keeps increasing the
response time as more results accumulated. Our evaluation
shows that the distributed in-memory database is promising
to help reducing the data movement for big data analytic
problems.
VI. R ELATED W ORK
Compared to caching raw data, caching result is a relatively
new research area. In cloud computing, caching results is a
technique to achieve fault tolerance (RDD [20])cite linkedin
and incremental computing [7], [4]. The idea of RDD is to
keep the partitioned operation and recompute the data using
lineage for fast fault tolerance. In contrast, Our in-advance
system is designed to reuse the analysis results by detecting
the computation and I/O overlapping. Knowledge discovery is
another area that is related to our work. Knowledge discovery
is ‘the nontrivial extraction of implicit, previously unknown,
and potentially useful information from data’ [8]. It focuses
on using various machine learning or statistical methods to
explore the data for unknown knowledge. Our work is similar
in the way of predicting the useful results, but the difference
is that we design a lightweight system that observes the
user’s analysis habit and tries to make a recommendation for
scientists.
VII.

CONCLUSION

In this study, we have introduced a new in-advance data
analytics method for reducing data movement for big data
analysis and big data applications. The proposed in-advance
data analytics leverages a prediction method that uses minimal
computing resources to generate useful analysis results in
advance. As data movement dominates the run time of big data
analysis, and computing is virtually free for big data problem,
the in-advance data analytics can be a promising solution that
fully leverages data locality and reduces the data movement
and the time to solution.
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