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Abstract. A data lake is a loosely-structured collection of data at large
scale that is usually fed with almost no requirement of data quality.
This approach aims at eliminating any human eﬀort before the actual
exploitation of data, but the problem is only delayed since preparing and
querying a data lake is usually a hard task. We address this problem by
introducing Kayak, a framework that helps data scientists in the deﬁnition and optimization of pipelines of data preparation. Since in many
cases approximations of the results, which can be computed rapidly, are
enough informative, Kayak allows the users to specify their needs in
terms of accuracy over performance and produces previews of the outputs satisfying such requirement. In this way, the pipeline is executed
much faster and the process of data preparation is shortened. We discuss
the design choices of Kayak including execution strategies, optimization
techniques, scheduling of operations, and metadata management. With
a set of preliminary experiments, we show that the approach is eﬀective
and scales well with the number of datasets in the data lake.
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Introduction

In traditional business intelligence, activities such as modeling, extracting, cleaning, and transforming data are necessary but they also make the data analysis an
endless process. In response to that, big data-driven organizations are adopting
an agile strategy that dismisses any pre-processing before the actual exploitation
of data. This is done by maintaining a repository, called “data lake”, for storing
any kind of raw data in its native format. A dataset in the lake is a ﬁle, either
collected from internal applications (e.g., logs or user-generated data) or from
external sources (e.g., open data), that is directly stored on a (distributed) ﬁle
system without going through an ETL process.
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Unfortunately, reducing the engineering eﬀort upfront just delays the traditional issues of data management since this approach does not eliminate the
need of, e.g., data quality and schema understanding. Therefore, a long process of
data-preparation (a.k.a. data wrangling) is required before any meaningful analysis can be performed [6,13,23]. This process typically consists of pipelines of operations such as: source and feature selection, exploratory analysis, data proﬁling,
data summarization, and data curation. A number of state-of-the-art applications can support these activities, including: (i) data and metadata catalogs, for
selecting the appropriate datasets [1,5,10,12]; (ii) tools for full-text indexing, for
providing keyword search and other advanced search capabilities [9,10]; (iii) data
proﬁlers, for collecting meta-information from datasets [6,9,16]; (iv) processing engines like Spark [24] in conjunction with data science notebooks such as
Jupyter1 or Zeppelin2 , for executing the analysis and visualize the results. In
such scenario, data preparation is an involved, fragmented and time-consuming
process, thus preventing analysis on-the-ﬂy over the lake.
In this framework, we propose a system, called Kayak, supporting data scientists in the deﬁnition, execution and, most importantly, optimization of data
preparation pipelines in a data lake3 . With Kayak data scientists can: (i) deﬁne
pipelines composed by primitives implementing common data preparation activities and (ii) specify, for each primitive, their time tolerance in waiting for the
result. This represents a mechanism to trade-oﬀ between performance and accuracy of primitives’ results. Indeed, these primitives involve hard-to-scale algorithms that prevent analysis on-the-ﬂy over new datasets [14,16–18], but often
an approximate result is informative enough to move forward to the next action
in the pipeline, with no need to wait for an exact result. Kayak takes into
account the tolerances by producing quick previews of primitive’s results, when
necessary. In this way, the pipelines are executed much faster and the time for
data preparation is shortened.
On the practical side, each primitive in a pipeline is made of a series of tasks
implementing built-in, atomic operations of data preparation. Each task can be
computed incrementally via a number of steps, each of which can return previews
to the user. Kayak orchestrates the overall execution process by scheduling
and computing the various steps of a pipeline according to several optimization
strategies that balance the accuracy of results with the given time constraints.
Another important feature of Kayak is its ability to collect automatically, in
a metadata catalog, diﬀerent relationships among datasets, which can be used
later to implement advanced analytics. The catalog also keeps the proﬁle of each
dataset and provides a high-level view of the content of the data lake.
We have veriﬁed the eﬀectiveness of our approach with the ﬁrst implementation of Kayak and tested its scalability when the number and size of datasets
in the lake increase.

1
2
3

http://jupyter.org/.
https://zeppelin.apache.org/.
A demo of Kayak has been shown in [15].
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Currently, the system is used in operation within the PANTHEON project
whose aim is supporting precision farming: it is charge of collecting and managing heterogeneous data coming from terrestrial and aerial robots moving in
plantations, as well as from ground sensors and weather stations located nearby.
The rest of the paper is organized as follows. In Sect. 2 we provide an overview
of our approach. In Sect. 3 we illustrate how Kayak models data and, in Sect. 4,
we describe our strategy for executing primitives. In Sect. 5 we discuss our experimental results and, in Sect. 6, some related works. Finally, in Sect. 7, we draw
some conclusions and sketch future works.

2

Overview of the Approach

This section provides an overview, from a high-level perspective, of the main
features of the system.
Pipelines, Primitives and Tasks. Kayak is a framework that lies between
users/applications and the ﬁle system where data is stored. It exposes a series
of primitives for data preparation, some of which are reported in Table 1. For
example, a data scientist can use primitive P5 to ﬁnd interesting ways to access
a dataset. Each primitive is composed of a sequence of tasks that are reused
across primitives (e.g., P6 is split into Tb , Tc , Tw , while primitive P7 uses Tc
only). A task is atomic and consists of operations that can be executed either
directly within Kayak or involving external tools [16,24], as shown in Table 2.
Table 1. Example of primitives in
Kayak.

Table 2. Example of tasks in Kayak.
Id

Description

Id

Name

Tasks

Ta

Basic proﬁling of a dataset

P1

Insert dataset

Ta , T p

Tb

Statistical proﬁling of a dataset

P2

Delete dataset

Ts

Tc

Compute Joinability of a dataset

P3

Search dataset

To

Td

Compute Aﬃnity between two datasets

P4

Complete proﬁling

Ta , T b , T c , T d , T m

Te

Find inclusion dependencies

P5

Get recommendation Tb , Tc , Td , Tq

Tf

Compute joinability between two datasets

P6

Find related dataset

... ...

P7

Compute joinability

Tc

P8

Compute k-means

Tg , T n

P9

Outlier detection

... ...

Tb , T c , T w

Th , T p , T r , T u
...

A pipeline is a composition of primitives that is representable as a DAG
(direct acyclic graph). As an example, Fig. 1 shows a pipeline composed by six
primitives: P1 inserts a new dataset in the lake and P4 generates a proﬁles for
it; then P8 processes the dataset with a machine learning algorithm while P7
identiﬁes possible relationships with another dataset. Eventually, P5 produces
a query recommendation. Users can mark the primitives in the pipeline with a
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Fig. 1. Example of a data preparation pipeline.

watchpoint to inspect some intermediate result. For example, in Fig. 1 we have
deﬁned a watchpoint on P7 , P5 , P3 , and P8 .
Note that, we assume here that the output of a primitive is not directly used
as input of the following primitive; they rather communicate indirectly by storing
data in the lake or metadata in a catalog. Primitives can be synchronous when
they do not allow the execution of a subsequent primitive before its completion,
or asynchronous, when can be invoked and executed concurrently.
Metadata Management. Kayak extracts metadata from datasets explicitly,
with ad-hoc primitives (e.g., P4 ), or implicitly, when a primitive needs some
metadata and uses the corresponding proﬁling task (e.g., Ta in P1 ). Metadata
are organized in a set of predeﬁned attributes and are stored in a catalog so that
they can be accessed by any task.
Speciﬁcally, Kayak collects intra-dataset and inter-dataset metadata. Intradataset metadata form the proﬁle associated with each single dataset, which
includes descriptive, statistical, structural and usage metadata attributes. Interdataset metadata specify relationships between diﬀerent datasets or between
attributes belonging to diﬀerent datasets. They include integrity constraints
(e.g., inclusion dependencies) and other properties proposed by ourselves, such
as joinability (Ω) and aﬃnity (Ψ ) between datasets. Inter-dataset metadata
are represented graphically, as shown in Fig. 2(a) and (b). Intuitively, joinability measures the mutual percentage of common values between attributes of
two datasets, whereas aﬃnity measures the semantic strength of a relationship
according to some external knowledge. The aﬃnity is an adaptation, to data
lakes, of the entity complement proposed by Sarma et al. [21].
Time-to-Action and Tolerance of the User. Let us call time-to-action the
amount of time elapsing between the submission of a primitive in a pipeline and
the instant in which a data scientist is able to take an informed decision on how to
move forward to the next step of the pipeline. To shorten primitive computation
when unnecessarily long, we let the data scientist specify a tolerance. A high
tolerance is set by the data scientist who does not want to wait for long and
believes that an approximate result is enough informative. On the contrary, a
low tolerance is speciﬁed when the priority is on accuracy. For instance, in the
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pipeline of Fig. 1, primitives P4 and P7 have been speciﬁed with a tolerance of
60% and 35%, respectively.
Incremental Execution for Reducing Time-to-Action. In Kayak, primitives can be executed incrementally and produce a sequence of previews along
their computation. A primitive is decomposed into a series of tasks. Each task
can be computed as a sequence of steps that returns the previews. A preview is
an approximation of the exact result of the task and it is, therefore, computed
much faster. Two strategies of incremental execution exist. A greedy strategy
aims at reducing the time-to-action by producing a quick preview ﬁrst, and then
updating the user with reﬁned previews within her tolerance. Alternatively, a
best-ﬁt strategy aims at giving the best accuracy according to the given tolerance. It generates only the most accurate preview that ﬁts the tolerance of
the user.
Conﬁdence of Previews. Each preview comes with a conﬁdence indicating
the uncertainty on the correctness of the result with a value between 0 and 1. A
conﬁdence is 0 when the result is random and it is 1 when it is exact. A sequence
of previews is always produced with an increasing conﬁdence so that the user
is always updated with more accurate results and metadata are updated with
increasingly valuable information.
Extensibility. Kayak provides a set of built-in, atomic tasks that can be easily
extended for implementing new functionalities. Speciﬁcally, tasks implementing
common activities of data preparation and therefore can be used by diﬀerent
primitives. For instance, referring to Table 2, task Tb is used by three primitives.
In addition, a new task can be deﬁned by the users, who needs to specify also
the cost model for the computation of the task and all the possible ways to
approximate it, as we will show next.

3

Modeling a Data Lake

In this section, we discuss on how data and metadata are represented and managed in our framework. Let us start with some basic notions.
Deﬁnition 1 (Dataset). A dataset D(X, C, R) has a name D, and is composed
by a set X of attributes, a set C of data objects, and a proﬁle R. Each data
object in C is a set of attribute-value pairs, with attributes taken from X. The
proﬁle R is a set of attribute-value pairs, with attributes taken from a predeﬁned
set M of metadata attributes.
A metadata attribute of a dataset D can refer to either the whole dataset or to an
attribute of D. We use the dot notation to distinguish between the two cases. For
instance, if D is a dataset involving an attribute ZipCode, the proﬁle of D can
include the pairs D.CreationDate : 11 /11 /2016  and ZipCode.unique : true.
For simplicity, we assume that each dataset is stored in a ﬁle and therefore we
often blur the distinction between dataset and ﬁle.
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Deﬁnition 2 (Data Lake). A data lake D is a collection of datasets having
distinct names.
Diﬀerently from a proﬁle of a dataset, inter-dataset metadata capture relationships between diﬀerent datasets and between attributes of diﬀerent datasets.
They are represented as graphs and are introduced next.
Aﬃnity. In the aﬃnity graph of a data lake D, the nodes represent the attributes
of the datasets in D and an edge between two attributes represents the presence
of some time-independent relationship between them (e.g., the fact that they
refer to the same real-world entity). Edges can have weights that measure the
“strength” of the relationship.
Speciﬁcally, we consider a domain-knowledge aﬃnity Ω(D1 .Ai , D2 .Aj ) that
measures the “semantic” aﬃnity between attributes D1 .Ai and D2 .Aj , which is
computed by taking advantage of some existing external knowledge base (such
as a domain ontology). The value assigned by Ω(D1 .Ai , D2 .Aj ) ranges in [0, 1]
(i.e. 0 when there is no aﬃnity and 1 when the aﬃnity is maximum). Here,
we take inspiration from the notion of entity complement proposed by Sarma
et al. [21]. However, diﬀerent kinds of aﬃnity can be used such as those based
on text classiﬁcation.
We can now deﬁne the graph representing the aﬃnity of the attributes A of
the datasets in the data lake D.
Deﬁnition 3 (Aﬃnity Graph of Attributes). The aﬃnity graph of
Ω
attributes in D is an undirected and weighted graph GΩ
A = (NA , EA ) where
Ω
NA contains a node for each attribute A in A and EA contains an edge
(A1 , A2 , Ω(A1 , A2 )) for each pair of attributes A1 and A2 in A such that
Ω(A1 , A2 ) > 0.
The notion of aﬃnity between attributes can be used to deﬁne the aﬃnity
between two datasets D1 and D2 .
Deﬁnition 4 (Aﬃnity of Datasets). Let X1 and X2 be the set of attributes
of the datasets D1 and D2 , respectively, and let X̂ = X1 × X2 . The aﬃnity
between D1 and D2 , denoted by Ω(D1 , D2 ), is deﬁned as follows:

Ω(Aj , Ak )
Ω(D1 , D2 ) =
(Aj ,Ak )∈X̂

Analogously, we can deﬁne an aﬃnity graph of datasets.
Deﬁnition 5 (Aﬃnity Graph of Datasets). The aﬃnity graph of datasets
Ω
for D is an undirected and weighted graph GΩ
D = (ND , ED ) where ND contains
a node for each dataset D in D and ED contains an edge (D1 , D2 , Ω(D1 , D2 ))
for each pair of dataset D1 and D2 in D such that Ω(D1 , D2 ) > 0.
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Fig. 2. Inter-dataset metadata.

We are clearly interested in highly aﬃne relationships. Therefore, we consider
a simpliﬁed version of the graph where the edges have weights higher than a
threshold τ , deﬁned by the user. This is equivalent to consider irrelevant aﬃnities
below τΩ . An example of aﬃnity graph of attributes is reported in Fig. 2(a).
Joinability. Another way to relate attributes and dataset is simply based on
the existence of common values. We introduce the concept of joinability for this
purpose.
Deﬁnition 6 (Joinability). Given two attributes Ai and Aj belonging to the
datasets D1 and D2 , respectively, their joinability Ψ is deﬁned as
Ψ (D1 .Ai , D2 .Aj ) =

2 · |πAi (D1 Ai =Aj D2 )|
(|πAi (D1 )| + |πAj (D2 )|)

The joinability measures the mutual percentage of tuples of D1 that join with
tuples of D2 on D1 .Ai and D2 .Aj , and vice versa. This notion enjoys interesting
properties, which we can discuss by considering the example in Fig. 3.

Fig. 3. Tabular
datasets.

Fig. 4. Business logic of the framework.

The maximum joinability, (e.g., Ψ (D1 .A1 , D2 .A2 ) = 1), is when each value
of one attribute matches a value of the other attribute. If the result of the join
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between the two attributes is empty, the joinability is 0 (e.g., Ψ (D2 .A2 , D4 .A4 )
= 0). A joinability in (0, 1) means that there are several matching values. The
joinability takes also into account, for both attributes, the number of distinct
values that do not match. For the dataset in Fig. 3 we have: Ψ (D1 .A1 , D2 .A2 ) >
Ψ (D1 .A1 , D3 .A3 ) > Ψ (D1 .A1 , D4 .A4 ).
Similarly to the property of aﬃnity, we can build a joinability graph of
attributes and a joinability graph of datasets, where we represent only those
edges whose joinability is higher or equal than a threshold parameter τΨ . An
example of a joinability graph is reported in Fig. 2(b).

4

Incremental Execution of Primitives

In this section, we describe the incremental execution of primitives, a mechanism
that allows users to obtain previews of a result at an increasing level of accuracy.
Basic Idea. Users submit a primitive over an input I, which is typically a set
of datasets. As we can see from Fig. 4, a primitive is composed of one or more
tasks of type T . Each task type is associated with one or more steps. A step is
an operation that is able to return a result for T over I. The result of a step can
be either exact or approximate. We use t for indicating the step that computes
the exact result r for t for T over I (i.e., r = t(I)). We use sTi for indicating the
i-th approximate step of T , which returns a preview pi = sTi (I). Therefore, a
preview pi is an approximation of r.
We have several types of approximate steps, corresponding to diﬀerent ways
to approximate a task. For instance, some step reduces the input I (e.g., sampling), while other steps apply heuristics over I. In our framework, we have
components that support the approximate steps, as shown in Fig. 4. The list of
steps ST for a task type T is declared in the deﬁnition of T . For simplicity, the
following discussion considers a primitive with a single task type T , but this
generalizes easily to primitives with many tasks. The incremental execution of a
task type T over I is a sequence of m steps sT1 , . . . , sTm , where possibly the last
step is the exact task t (i.e. t = sTm ).
Each preview comes with a conﬁdence, indicating the uncertainty on the correctness of the result with a number between 0 and 1. A conﬁdence is 0 when
the result is random and it is 1 when the result is exact. Kayak computes the
conﬁdence executing a function embedded in the step deﬁnition. This function
considers the conﬁdence associated with the input of the step, e.g., the conﬁdence of a metadata attribute. Note that, since previews are produced with an
increasing conﬁdence, metadata are stored with increasingly precise information
and the user is always updated with more accurate primitive results.
In addition, each step is associated with a cost function that estimates its
computational time over an input I, i.e. cost(sTi , I). We have deﬁned the cost
functions using the Big-Θ time complexity. All other time-based measures like
the load of the system and the tolerance have to be comparable with the cost
and are therefore expressed in terms of the same virtual time. Moreover, we want
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to underline that there is no formal relationship between the cost of a step and
the conﬁdence of the preview it produces.
Optimization. Kayak needs to ﬁnd a suitable incremental execution for a
primitive, that is the order of the execution of steps. To this aim, Kayak takes
into account the tolerance of the user and the current workload. The tolerance
is ﬁxed by the user for each of the primitives in the pipeline. The workload is
given by the sum of the costs of the steps of the primitives to be executed.
In our framework, we devised several incremental execution strategies and
further strategies can be deﬁned. For example, we have a so-called best-ﬁt strategy that tries to generate only the most accurate preview that ﬁts within the
tolerance. This tends to limit the overall delay while still reducing the time-toaction according to the user’s tolerance. Another strategy is the so-called greedy
strategy that aims at minimizing the time-to-action and to update the user
with subsequent previews. However, due to lack of space, we do not detail any
strategy.
Step Dependency. At the end of the step generation, we set dependencies to
enforce a correct execution of primitives composed of many tasks. Since we allow
for a parallel execution of steps, a DAG of dependencies is considered. In the
DAG, each node Ti is a task type and each edge (Ti , Tj ) represents a dependency
of a task Tj (the destination node) from another task Ti (the source node). A
dependency indicates that Tj can start its execution only after Ti is completed.
In Kayak, we do not have a centralized representation of the DAG, but
dependencies are set within each task. For example, in Fig. 5(a) we have the
DAG for the primitive P5 that is composed of four tasks Tb , Tc , Td and Tq , as in
Table 2. The task Tq is the last task of the primitive and uses metadata provided
by Tb , Tc and Td . For this reason, Tq has a dependency with every other task. In
addition, there is a dependency between Td and Tb . This means that Tb and Tc
can execute before the others, possibly in parallel.

(a) DAG of tasks

(b) DAG of steps

Fig. 5. Dependencies among tasks of a primitive.

When a primitive is executed in incremental mode, the step generation phase
produces a DAG that considers every single step. Let us suppose that Tb , Tc and
Tq are executed incrementally in two steps each, while Td is executed in a single
step. Figure 5(b) shows the resulting DAG for this primitive execution. We set a
dependency between two subsequent steps of the same task, such as (sb1 , sb2 ), to
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preserve the increase of the conﬁdence of results. If this dependency is not set,
then a preview might overwrite another preview with higher conﬁdence.
We also need to set the inter-task dependencies. In this case, we set a dependency between the ﬁrst generated steps of the two tasks. Using the example of
P5 , the dependency (Tc , Tq ) is established by the dependency (sc1 , tq1 ). No intertask dependency between following steps is considered. The reason behind this
decision is, again, aimed at reducing the time-to-action.
There are two side eﬀects that motivate this decision. The former is when,
for example, tc1 and tc2 terminate before tq1 has started. It follows that tq1 will
use metadata produced by tc2 , resulting in a higher conﬁdence. The latter side
eﬀect is when tq1 is computed between tc1 and tc2 . The ﬁnal result of tq1 will be less
accurate but the time-to-action is minimized. However, the user is notiﬁed of
the fact that more accurate metadata is present for, possibly, reﬁning the result
of the primitive she just launched.
Scheduling of Steps. Dependencies are used for guaranteeing the consistency
of primitives’ results but they do not suﬃce to reduce the time-to-action of tasks
coming from diﬀerent primitives. To avoid a random order of execution, we use
a step scheduling mechanism where the order of execution is done with respect
to a priority assigned to each step. Steps with higher priority are executed ﬁrst,
while low priority steps are treated like processes to execute in background when
the system is inactive. The priority function is deﬁned as follows:
priority(s) =

1
+ freshness(s) + completeness(s)
cost(s)

where:
– The cost is used to favor shorter steps, with the aim of reducing the time-toaction. It is given by the same function used in the previous sections.
– The freshness is used to avoid starvation. It uses the creation time of steps
(with older steps having higher freshness). Let us explain the motivation
behind this factor with an example. Let us consider the submission of a heavy
task of type Tc followed by the submission of many shorter tasks of type Ta .
If we consider only the cost factor, the task Tc will never be executed and it
will starve in the queue.
– The completeness is used to balance the time-to-action across diﬀerent primitives. It considers how many steps have already been instantiated for the task
type. For instance, the completeness gives an advantage to the ﬁrst step of
task Tc over the second step of another task Ta . In fact, if we use only cost
and freshness some step for Tc might not fulﬁll its time-to-action objective.
Note that our scheduling mechanisms do not conﬂict with mechanisms of cluster
resource managers (e.g., Apache Mesos or Apache Yarn) used by data processing
engines. We decide when a step can start its execution, while they schedule jobs
of data processing only once their corresponding step has already started.
Use Case: Incremental Computation of Joinability. We now show the
incremental execution of the task type Tc that computes the joinability of a
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dataset against the rest of the datasets in the lake (see Deﬁnition 6). Since the
data lake D can have a large number of datasets with many attributes, this task
is computationally expensive and does not scale with the size of D. Since this
task is used by many primitives, it is often convenient to execute incrementally.
Below we list the techniques used to generate previews of Tc .
1. Joinability over frequent items. Our least accurate step for Tc is given by a
heuristic that takes the most frequent items present in the domain of two
attributes along with the number of occurrences. This information is present
in our metadata catalog and it is collected by other proﬁling tasks. We then
compute the intersection between the two sets that allows us to determine the
joinability of a small portion of the two attribute’s domains in a constant time.
The conﬁdence is computed by considering the percentage of the coverage that
the frequent items have over the entire domain.
2. Joinability over a subset of attributes and sampled datasets. This step uses
some heuristics that aim at selecting those attributes that are likely to have
higher values of joinability against the input dataset. It speciﬁcally selects a
subset of attributes Zi of the lake to be used in the computation of the joinability against attributes of Di . Then, the datasets which the attributes of
Zi belong from are sampled to further reduce the cost of the operation. The
approximation of joinability is similar to compute approximate joins [4,11].
The sample rate is chosen dynamically according to the size of the dataset,
with lower sample rate for higher dataset size. The selected attributes Zi are
those having: (a) overlapping among the most frequent items of the attributes,
(b) an inclusion dependency with Di (we check from available metadata without computing Te of Table 2), (c) high aﬃnity with the attributes of Di as
taken from the aﬃnity graph of attributes. The conﬁdence of this level is
given by the used sample ratios and the number of attributes that have been
selected.
3. Joinability over a subset of attributes. This step selects the attributes of the
previous case but does not apply any sampling over the datasets.
4. Joinability over a subset of sampled datasets. This step selects a set Yi of
datasets in D having high aﬃnity with Di by checking the aﬃnity graph
of datasets. Then, it computes the joinability between attributes of Di and
attributes of datasets in Yi .
5. Joinability over a subset of datasets. This step selects the same set Yi of
datasets of the previous case but, diﬀerently from it, sampling is not applied.
6. Joinability over a sampled data lake. This step selects a sample from each of
the datasets in D and then it applies the joinability between the attributes
of Di and any other attribute in D.
We have described here the steps of the joinability task. The implementation
of these steps makes use of other optimizations such as those in presence of
inclusion dependencies or those that return zero when data types are diﬀerent
or domain ranges do not overlap. However, we do not discuss them in detail here
because they do not deal with the approximation of the exact results.
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Experimental Results

5.1

Set-Up

The architecture of Kayak is discussed in [15]. Kayak is implemented in Java 8
and exploits java.util.concurrent library for the concurrent execution of tasks.
The current version limits the use to json and to csv ﬁles only. The Metadata
Catalog relies on two diﬀerent database systems, namely MongoDB for the intradataset catalog and Neo4j for the inter-dataset catalog. The Queue Manager uses
RabbitMQ as a messaging queue system. The User Interface is implemented
using JSP pages and servlets on the web application server Tomcat 8. We also
rely on external tools such as Spark 2.1 with MLib and SparkSQL add-ons for
parallelizing operations on large datasets, and on Metanome4 for some of the
tasks for which the Metadata Collector is in charge.
5.2

Results

This section presents the experimentation that was conducted on a cluster of
m4.4xlarge machines on Amazon EC2. Each machine is equipped with 16 vCPU,
64 GB and running a 2,3 GHz Intel Xeon with 18 cores. We created a data lake
with 200 datasets ranging from hundreds of MBs to few TBs. We have taken
datasets from the U.S. open data catalog5 and from the NYC Taxi trips6 . We
have also generated synthetic datasets to create uses cases that were not covered
with downloaded datasets.

(a) Accuracy of joinability

(b) Incremental strategies comparison

Fig. 6. Incremental step generation at work.

Eﬀectiveness. In this campaign, we have measured the trade-oﬀ between accuracy and time-to-action for the joinability task. It is a fundamental task in our
framework that is used by many primitives. The results are in Fig. 6(a). We
4
5
6

https://github.com/HPI-Information-Systems/Metanome.
https://www.data.gov/.
http://www.nyc.gov/html/tlc/html/about/trip record data.shtml.
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have divided the tests in three sections according to the range of the joinability
value Ψ : low (0.0 ≤ Ψ ≤ 0.35), medium (0.35 < Ψ ≤ 0.70) and high (0.70 < Ψ
≤ 1.0). The time-to-action is represented in terms of percentage of the time for
the exact step. Each point of the graph represents the average of six joinability
computations (we have six diﬀerent tests for each of the sections). As we can
see, the accuracy is constantly high for low values of joinability. This is due to
the fact that a reduced input is already able to show that two attributes do not
join well. A similar behavior is for medium values, although accuracy slightly
degrades for low time-to-action. High values of joinability are more diﬃcult to
approximate with shorter time-to-action than previous sections, but we consider
this accuracy still good for many practical situations.
Strategies Comparison. In this campaign, we test the diﬀerences between
two incremental strategies, that we have brieﬂy mentioned above. Again, we
consider the joinability task. Let us consider the delay as the extra time spent
on the incremental execution with respect to the non-incremental counterpart.
We measure how the time-to-action and the delay vary with respect to the
tolerance. Both the measures are taken in percentage with respect to the duration
of the exact step. As we can see from the results in Fig. 6(b), the time-to-action
for the greedy strategy is constant because the same short level is executed
independently of the user’s tolerance, while for the best-ﬁt strategy the timeto-action increases linearly with the tolerance. However, the time-to-action is
always lower than the tolerance due to a fragmentation eﬀect that makes it hard
to have the cost of a step that perfectly ﬁts the tolerance. The delay of the
greedy strategy is always greater than the delay of the best-ﬁt strategy, because
of all the short steps executed at the beginning. The delay for both strategies
tends to diminish as the tolerance increases. The delay of the best-ﬁt strategy
has an opposite behavior w.r.t. the time-to-action. Indeed, the delay is inversely
proportional to the tolerance. This is because as the tolerance increases, the
best-ﬁt strategy tends to schedule fewer and fewer steps.

6

Related Work

We divide related work of Kayak into categories discussed separately.
Data Catalogs. There are several tools that are used for building repositories
of datasets [1,3,5,10,12]. Basic catalogs like CKAN [1] do not consider relationships among datasets and metadata are mostly inserted manually. DataHub [5]
is a catalog that enables collaborative use and analysis of datasets. It includes
features like versioning, merging and branching for datasets, similarly to version
control systems in the context of software engineering. Goods is an enterprise
search system for a data lake that is in use at Google [10]. It proposes, among
the others, a solution with the semi-automatic realization of a metadata catalog, an annotation service, an eﬃcient tracking of the provenance and advanced
search features based on full-text indexing. All above catalogs use basic ways to
understand relationships among datasets and give little support to users who are
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unaware of the content of the datasets, though they are not explicitly designed
for data preparation and exploration purposes.
Proﬁling Tools. In data science, tools such as R7 , IPython [19], Pandasproﬁling8 and notebook technologies9 are extensively used for data exploration.
They mainly compute statistical summaries integrated with some plotting features. More advanced data proﬁling consists on the discovery of constraints in
the data [7,14,16,18]. Metanome, for instance, oﬀers a suite of diﬀerent algorithms for data proﬁling [16]. Some of these algorithms run by sharing pieces of
computation [7] or by the aid of approximate techniques [14,18]. In Kayak we
have tasks that make use of these algorithms such as for example Tc in Table 2.
Data Wranglers. Schema-on-read data access has opened severe challenges
in data wrangling [8,23] and speciﬁc tools are aimed at solving this problem [2,3,22]. Data TamR helps in ﬁnding insights thanks to novel approaches
of data curation and data uniﬁcation [2,22]. Trifacta is an application for selfservice data wrangling providing several tools to the user [3]. All these systems
provide features that can be embedded in Kayak to be executed incrementally
for minimizing the time-to-action.
Approximate Querying Systems. Another branch of work speciﬁcally
focuses on approximating analytical query results [4,11,20]. Hellerstein et al. [11]
propose an incremental strategy that aggregates tuples online so that the temporary result of the query is shown to the user, who can decide to interrupt the process anytime. Diﬀerently, when computing analytical queries with BlinkDB [4],
users are asked the trade-oﬀ between time and accuracy in advance, and the system dynamically selects the best sample that allows replying the query under the
user’s constraints. This is similar to our best-ﬁt strategy but we do not apply only
sampling and we do not consider analytical queries. A critical aspect in all these
works is the estimation of the error. To overcome these problems, DAQ [20] has
recently introduced a deterministic approach to approximating analytic queries,
where the user is initially provided with an interval that is guaranteed to contain
the query result. Then, the interval shrinks as the query answering proceeds, until
the convergence to the ﬁnal answer. All these techniques work well on OLAP
queries but since they require the workload in advance, they cannot be applied
in our context where the user has usually not accessed the data yet and sampling
cannot be the only technique for reducing the workload.

7

Conclusion and Future Work

In this paper, we have presented Kayak, a end-to-end framework for data management with a data lake approach. Kayak addresses data preparation, a crucial
aspect for helping data-driven businesses in their analytics processes. Kayak
7
8
9

https://www.r-project.org/.
https://github.com/JosPolﬂiet/pandas-proﬁling.
http://zeppelin-project.org/.
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provides a series of primitives for data preparation that can be executed by
specifying a tolerance when the user prefers a quick result instead of an exact
result. The framework also allows to deﬁne pipelines of primitives.
We have several future work directions in mind. We want to integrate the
framework with components for supporting unstructured data, query expansion,
and data visualization. We want to introduce a dynamic scheduling for the tasks
and the possibility to set a tolerance for an entire pipeline. Finally, we would
like to deﬁne a declarative language for designing primitives data preparation.
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