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Abstract

Data workflows now more than ever, consist of fusing various sources, implemen-
tations, and formats, in a process known as data federation. Numerous popular
database services provide a SQL interface for issuing queries against foreign tables
and types, as SQL continues to be the most popular human-data interface. The col-
umn and row structure at SQL’s core, while great for querying tabular data such
as database tables and CSV files. Becomes less manageable when dealing with hi-
erarchal or sparse data, common to semi-structured data like JSON. For example,
querying JSON with SQL, even with native type support, requires the use of inef-
ficient and specialized functions. Users would much rather import their JSON data
as a shredded native table, simplifying queries, enabling SQL reuse, and improving
performance. Unfortunately, JSON has many incompatibilities when shredding tab-
ularly, such as arrays of objects, heterogeneous datasets, embedded key-value tables,
and multi-typed columns to name a few.

This dissertation first investigates the feasibility of previously proposed automatic
truth finding solutions. Evaluating both performance and quality of output with the
goal of materializing a quasi-relational schema. Prior related schema generating work
using similarity matching such as functional dependency and clustering, we found di-
verges significantly from ground truth. Second, we outline a probabilistic approach to
incorporate user feedback and view sharing during data exploration. Enabling multi-
user collaboration and definition of localized views to narrow search space. Third, we
propose and experimentally verify a novel clustering algorithm to specifically target
JSON data, taking advantage of attribute occurrence. We compare state-of-the-art
schema extractors against our novel clustering algorithm, and show magnitudes im-

provement reducing schema search space. Unfortunately the number of datasets with

v



known ground truth is limited. To address this we, quantify human infer-ability for
datasets with unknown ground truth, we devised three metrics, precision, recall, and
grouping, measuring specificity, validity, and conciseness respectfully. Finally, we
leverage our algorithm to generate partition schema candidates, enabling RDBMS
tabular import for datasets that could otherwise not. Greatly improving query per-
formance through partition elimination optimizations, automating a vital error prone

process.
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Chapter 1

Introduction

1.1 Motivation

Each year the amount of data generated increases substantially, to quote the In-
ternational Data Corporation, ” The amount of digital data created over the next five
years will be greater than twice the amount of data created since the advent of digital
storage” [45]. IOT, micro-service architecture, distributed systems, the rise of ma-
chine learning, SaaS, and more, all contribute to the increase in data volume, formats,
sources, and sanity. ETL is further complicated when accounting for popular semi-
structured data formats like JSON, defining no global file level schema. This lack of
global schema definition on write speeds up development, enables seamless schema
changes, and is a popular choice among developers. However, lacking a schema at
read time greatly increases the time spent manually inspecting files to verify correct-
ness, uncover join candidates, and often requires a schema to be generated post-write

anyways. For analysts, this creates a complex trade-off between information gain,



preparation cost, and query performance. To make matters worse, analysts now com-
monly source thousands or millions of files, spanning multiple formats, from multiple
sources, and of varying cleanliness. As we march further and further into the era of
big data, the need for automatic data cleaning solutions is apparent, aiding analysts
in sensible schema generation, data validation, and user insight.

This work first investigates the feasibility of previously proposed automatic truth
finding solutions. Evaluating both performance and quality of output with the goal of
materializing a quasi-relational schema. Prior related schema generating work using
similarity matching such as functional dependency and clustering, we found diverges
significantly from ground truth. Second we outline a probabilistic approach to incor-
porate user feedback and view sharing during data exploration. Enabling multi-user
collaboration and definition of localized views to narrow search space. Third we
propose and experimentally verify a novel clustering algorithm to specifically target
JSON data, taking advantage of attribute occurrence. We compare state-of-the-art
schema extractors against our novel clustering algorithm, and show magnitudes im-
provement reducing schema search space. Unfortunately the number of datasets with
known ground truth is limited. To address this we, quantify human infer-ability for
datasets with unknown ground truth, we devised three metrics, precision, recall, and
grouping, measuring specificity, validity, and conciseness respectfully. Finally, we
leverage these schemas to generate partition candidates, enabling RDBMS tabular
import for datasets that could otherwise not. Greatly improving query performance

through partition elimination, automating a vital error prone process.



1.2 Background

JSON is only the latest flavor of semi-structured data, ongoing research into im-
porting XML and graph data has been conducted for decades. Entity discovery has
been explored extensively in hierarchical [15-17,30,39,44,62.,/67.,(79,[81,[89], graph [5],
and object-exchange model (OEM) [39] data. XML schema discovery in particu-
lar [15-17,/44,62] has been explored extensively. Each format contains unique fea-
tures, common patterns, and constraints, however all pose a significant loading prob-
lem. Notably, these prior works emphasize necessity of generating a schema prior to
loading. In practice this often means non-trivial data rewriting and transformation
to incorporate hierarchies, arrays, embedded objects, and more.

Specifically there exist a number of JSON extractors using various techniques.
Prior works have defined extraction as a grammar [10,|12], applied various machine
learning techniques [5,/67,[81,/89], and mined relationships [30,/61,/95]. While these
works present potential solutions for a number of different applications and datasets,
there is yet to be a single extraction technique that is capable of adequately mapping

the enormous set of features JSON is capable of encoding.

1.3 Contributions

Loading semi-structured data like JSON into a tabular format is time-consuming,
difficult, error prone, and has dramatic performance implications. While most RDBMS
contain special types for JSON data, the functionality and performance is often con-
siderably worse, and poses significant additional query steps when merging with other

data. In this work, we provide a mechanism for personalized multi-source data clean-



ing pipelines that adapt to user input and can be shared. Introduce a case study
exhibiting the shortcomings of current JSON schema extractors, machine learning
results, and data loading techniques. We improve upon the current JSON schema ex-
traction process, enabling importing for complicated JSON relationships that would
otherwise need human intervention. We introduce a novel schema extraction algo-
rithm to take advantage of particular characteristics of JSON datasets. Finally, we
compare and discuss various shortcomings and performance issues of current JSON
loading processes. Demonstrating how schema declaration impacts performance and

usability.



Chapter 2

Adaptive Schema Databases

2.1 Adaptive Schemas

The rigid schemas of classical relational databases help users in specifying queries
and inform the storage organization of data. However, the advantages of schemas
come at a high upfront cost through schema and ETL process design. In this work,
we propose a new paradigm where the database system takes a more active role in
schema development and data integration. We refer to this approach as adaptive
schema databases (ASDs). An ASD ingests semi-structured or unstructured data
directly using a pluggable combination of extraction and data integration techniques.
Over time it discovers and adapts schemas for the ingested data using information
provided by data integration and information extraction techniques, as well as from
queries and user-feedback. In contrast to relational databases, ASDs maintain mul-
tiple schema workspaces that represent individualized views over the data, which are

fine-tuned to the needs of a particular user or group of users. A novel aspect of



ASDs is that probabilistic database techniques are used to encode ambiguity in auto-
matically generated data extraction workflows and in generated schemas. ASDs can
provide users with context-dependent feedback on the quality of a schema, both in
terms of its ability to satisfy a user’s queries, and the quality of the resulting answers.
We outline our vision for ASDs, and present a proof of concept implementation as
part of the Mimir probabilistic data curation system.

(Classical relational systems rely on schema-on-load, requiring analysts to design
a schema upfront before posing any queries. The schema of a relational database
serves both a navigational purpose (it exposes the structure of data for querying) as
well as an organizational purpose (it informs storage layout of data). If raw data
is available in unstructured or semi-structured form, then an ETL (i.e., Extract,
Transform, and Load) process needs to be designed to translate the input data into
relational form. Thus, classical relational systems require a lot of upfront investment.
This makes them unattractive when upfront costs cannot be amortized, such as in
workloads with rapidly evolving data or where individual elements of a schema are
queried infrequently. Furthermore, in settings like data exploration, schema design
simply takes too long to be practical.

Schema-on-query is an alternative approach popularized by NoSQL and Big Data
systems that avoids the upfront investment in schema design by performing data ex-
traction and integration at query-time. Using this approach to query semi-structured
and unstructured data, we have to perform data integration tasks such as natural
language processing (NLP), entity resolution, and schema matching on a per-query
basis. Although it allows data to be queried immediately, this approach sacrifices the

navigational and performance benefits of a schema. Furthermore, schema-on-query



incentivizes task-specific curation efforts, leading to a proliferation of individualized
lower-quality copies of data and to reduced productivity.

One significant benefit of schema-on-query is that queries often only access a
subset of all available data. Thus, to answer a specific query, it may be sufficient
to limit integration and extraction to only relevant parts of the data. Furthermore,
there may be multiple “correct” relational representations of semi-structured data
and what constitutes a correct schema may be highly application dependent. This
implies that imposing a single flat relational schema will lead to schemas that are the
lowest common denominator of the entire workload and not well-suited for any of the
workload’s queries. Consider a dataset with tweets and re-tweets. Some queries over
a tweet relation may want to consider re-tweets as tweets while others may prefer to
ignore them.

In this work, we propose adaptive schema databases (ASDs), a new paradigm
that addresses the shortcomings of both the classical relational and the Big Data ap-
proaches mentioned above. ASDs enjoy the navigational and organizational benefits
of a schema without incurring the upfront investment in schema and ETL process de-
velopment. This is achieved by automating schema inference, information extraction,
and integration to reduce the load on the user. Furthermore, instead of enforcing one
global schema, ASDs build and adapt idiosyncratic schemas that are specialized to
users’ needs.

We propose the probabilistic framework shown in Figure [2.1] as a reference ar-
chitecture for ASDs. When unstructured or semi-structured data are loaded into an
ASD, this framework applies a sequence of data extraction and integration compo-

nents that we refer to as an extraction workflow to compute possible relational



schemas for this data. Any existing techniques for schema extraction or informa-
tion integration can be used as long as they can expose ambiguity in a probabilistic
form. For example, an entity resolution algorithm might identify two possible in-
stances representing the same entity. Classically, the algorithm would include heuris-
tics that resolve this uncertainty and allow it to produce a single deterministic out-
put. In contrast, our approach requires that extraction workflow stages produce
non-deterministic, probabilistic outputs instead of using heuristics. The final result
of such an extraction workflow is a set of candidate schemas and a probability
distribution describing the likelihood of each of these schemas. In ASDs, users cre-
ate schema workspaces that represent individual views over the schema candidates
created by the extraction workflow. The schema of a workspace is created incremen-
tally based on queries asked by a user of the workspace. Outputs from the extraction
workflow are dynamically imported into the workspace as they are used, or users may
suggest new relations and attributes not readily available to the database. In the
latter case, the ASD will apply schema matching and other data integration methods
to determine how the new schema elements relate to the elements in the candidate
schemas, and attempt to synthesize new relations or attributes to match. Similar to
extraction workflows, the result of this step is probabilistic. Based on these probabil-
ities and feedback provided by users through queries, ASDs can incrementally modify
the extraction workflow and schema workspaces to correct errors, to improve their
quality, to adapt to changing requirements, and to evolve schemas based on updates
to input datasets. The use of feedback is made possible based on our previous work
on probabilistic curation operators [92] and provenance [8]. By modelling schemas

as views over a non-relational input dataset, we decouple data representation from



Schema Schema Schema Schema
Workspace Workspace Workspace Workspace
C Schema Matching D)

Extraction Schema Candidates

( Extraction workflow ) ( Extraction workflow )( Extraction workflow )

| Unstructured Data | | Semi-structed Data (e.g., JSON) |

Figure 2.1: Overview of an ASD system
content. Thus, we gain flexibility in storage organization — for a given schema
we may choose not to materialize anything, we may fully materialize the schema, or
materialize selectively based on access patterns.

Concretely, we investigate the following:

e We introduce our vision of ASDs, which enable access to unstructured and
semi-structured data through personalized relational schemas.

e We show how ASDs leverage information extraction and data integration to
automatically infer and adapt schemas based on evidence provided by these
components, by queries, and through user feedback.

e We show how ASDs enable adaptive task-specific “personalized schemas” through
schema workspaces which are probabilistic relational views over semistructured
or unstructured input datasets.

e We illustrate how ASDs communicate potential sources of error and low-quality
data, and how this communication enables analysts to provide feedback.

e We present a proof of concept implementation of ASDs based on the Mimir [66]



data curation system.
e We demonstrate through experiments that the instrumentation required to em-

bed information extraction into an ASD has minimal overhead.

2.2 Adaptive Extraction and Discovery

An ASD allows users to pose relational queries over the content of semi-structured
and unstructured datasets. We call the steps taken to transform an input dataset
into relational form an extraction workflow. For example, one possible extrac-
tion workflow is to first employ natural language processing (NLP) to extract semi-
structured data (e.g., RDF triples) from an unstructured input, and then shred the
semi-structured data into a relational form. The user can then ask queries against
the resultant relational dataset. Such a workflow frequently relies on heuristics to
create seemingly deterministic outputs, obscuring the possibility that the heuristics
may choose incorrectly. In an ASD, one or more modular information extraction com-
ponents instead produce a set of possible ways to shred the raw data with associated
probabilities. This is achieved by exposing ambiguity arising in the components of an
extraction workflow. Any NLP, information retrieval, and data integration algorithm
may be used as an information extraction component, as long as the ambiguity in
its heuristic choices can be exposed. The set of schema candidates are then used to
seed the development of schemas individualized for a particular purpose and/or user.
The ASD’s goal is to figure out which of these candidates is the correct one for the
analyst’s current requirements, to communicate any potential sources of error, and

to adapt itself as those requirements change.

10



Extraction Schema Candidates. When a collection of unstructured or semi-
structured datasets D is loaded into an ASD, then information extraction and inte-
gration techniques are automatically applied to extract relational content and com-
pute candidate schemas for the extracted information. The choice of techniques is
based on the input data type (JSON, CSV, natural language text, etc...). We as-
sociate with this data a schema candidate set C..; = (Sext, Pext) Where Sex is a
set of candidate schemas and P,,; is a probability distribution over these schemas.
We use Sq, referred to as the best guess schema to denote arg maxgcg_, (P(S5)),
i.e., the most likely schema from the set of candidate schemas. Similar data models
have been studied extensively in probabilistic databases [40], allowing us to adapt
existing work on probabilistic query processing [80], while still supporting a variety
of techniques for information extraction [31], natural language processing [32], data

integration [35,136,/49], and more.

Example 1 As a running example throughout the paper, consider a JSON document
(a fragment is shown below) that stores a college’s enrollment. Assume that for every
graduate student we store name and degree, but only for some students there is a
record of the number of credits achieved so far. For undergraduates we only store a
name, although several undergraduates were accidentally stored with a degree. A semi-
structured to relational mapper may extract schema candidates as shown in Figure[2.9
{"grad":{"students": [
{name:"Alice",deg:"PhD",credits:"10"},
{name:"Bob",deg:"MS"}, ...1},
"undergrad":{"students": [

{name:"Carol"},{name:"Dave",deg:"U"}, ...1}%}

11



Querying Extracted Data. We would like to expose to users an initial schema that
allows D to be queried (i.e., the best guess schema S,,,,), while at the same time
acknowledging that this schema may be inappropriate for the analyst, incorrect for
her current task, or simply outright wrong. Manifestations of extraction errors appear
in three forms: (1) A query incompatible with S,..., (2) An update with data that
violates Syaz, or (3) An extraction error resulting in the wrong data being presented to
the user. The first two errors are overt and, thus easy to detect automatically. In both
cases, the primary challenge is to help the user to determine whether the operation
was correct, and if necessary, to repair the schema accordingly. Here, the distribution
P.,; serves as a metric for schema suggestions. Given a query (resp., update or
insert) @, the goal is to compute arg maxgcg_, rs-o(P(S)), where the S F @ denotes
compatibility between schema and query, i.e., the schema contains the relations and
attributes postulated by the query. While S,,,, has the highest probability of all
schema candidates in Sext, that does not imply that it has the highest probability
with respect to the schema elements mentioned in the query. Thus, we use S,,,, as
a generic best guess to enable the user to express queries at first, but then adapt the
best schema over time. Note that the personalized schemas we introduce in the next
section even allow queries to postulate new relations and attributes.

Detecting extraction errors is harder and typically only possible once issues with
the returned query result are discovered. Rather, such errors are most often detected
as a result of inconsistencies observed while the analyst explores her data. Thus,
the goal of an ASD is to make the process of detecting and repairing extraction

errors as seamless as possible. Our approach is based on pay-as-you-go or on-demand

12



Student Student Undergrad Grad

Name Deg
Alice PhD Carol Alice
Bob MS Dave Bob
) P

Carol  (null)
Dave U (C = 0.22
(a) P =0.19 (b) P = 0.27
Undergrad Grad
Name Deg Name Deg Credits
Carol  (null) Alice  PhD 10
Dave U Bob MS (null)
(d) P = 0.32

Figure 2.2: Extracted Schema Candidate Set and Data

approaches to curation [49,66,91], and is the focus of Sections and below.

2.3 Adaptive, Personalized Schemas

An ASD maintains a set of schema workspaces W = {Wy,...,W,}. Each
workspace W; has an associated mapped context C; = (S;, M;, P;) where S; is a
schema, M; is a set of possible schema matchings [14], each between the elements
of S; and one S € Sex¢, and P; assigns probabilities to these matches. In the future
we will lift the restriction to schema matches and allow the relationship between the
extracted schema and the schema of a workspace to be more complex than that (e.g.,
expressed as a schema mapping [36]). Users may maintain their own personal schema
workspace or share workspaces within a group of users that have common interests
(e.g., a business analyst workspace for the sales data of a company). We plan to
provide version control style features for the schemas of workspaces including access
to data through past schema versions and importing of schema elements from one
workspace into another. Recent work on schema evolution [26] and schema versioning

demonstrates that it is possible to maintain multiple versions of schemas in parallel
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01

where data is only stored according to one of these schemas. Specifically, we plan to
extend our own work on flexible versioning of data [68] and flexible schema extensions
for SQL [56].

Importing Schema Elements. Initially, the schema of a workspace is created
empty. When posing a query over an extracted dataset, the user can refer to ele-
ments from schema S,,,,;, schema S;, or new relations and attributes that do not
occur in either. References of the first two types are resolved by applying the extrac-
tion workflow to compute the instances for these schema elements (and potentially
mapping the data based on the matches in M;). If a query references schema ele-
ments from S,,q., then these schema elements are added to the current workspace
schema plus one-to-one matches with probability 1 between these elements in S,z
and S; are added to the matching M.

A query may also remain agnostic to the specific schema elements it requires, and
instead declaratively provide query goals in terms of higher-order logical primitives.
That is, the user postulates the existence of schema elements (which is expressible in
second-order logic) and part of their structure (e.g., attributes that are referenced)
without having to fully qualify them. This constrains the schema workspace, but
still allows the workspace to adapt and evolve over time. A concrete example of this
idea can be found in the flexible schema data extensions for SQL [56] (FSD-SQL).
FSD-SQL allows query authors to remain agnostic to the exact physical structure of

inter-attribute relationships, automatically adapting the query structure as needed.

Example 2 Consider the following FSD-SQL query, which returns all students in

the PhD program:

SELECT mame FROM Grad

14



02

01

02

03

WHERE json_exztsts(deg == 'PhD')

The data initially shows that each student has only one degree — The best schema
1s one in which there is a 1-to-1 mapping between student and degree and deg is an
element of the Grad relation. Thus, the above query is equivalent to the classical SQL
query:

SELECT name FROM Grad WHERE deg = 'PhD'

However, let’s say that the data also contains the following student, registered for both

Programs.
{ name: "Eve", deg: ["MS", "PhD"] }

With this new data, it may be appropriate to represent the degree field by a many-
to-one relationship, and the equivalent query becomes a more complex primary-key to
foreign-key join:
SELECT g.name FROM Grad g WHERE EXISTS (

SELECT * FROM GradDeg d

WHERE g.4d = d.id AND d.deg = 'PhD' )
A language construct like json_exists remains agnostic to which underlying rep-
resentation 1s used, creating a query that is more resilient to schema evolution and

supporting a broader range of possible schemas.

Probabilistic Semantics of ASD Queries. Note that ASD queries are inherently
probabilistic, as the result varies depending on the distribution of possible extractions.
However, we do not have to overwhelm the user with full probabilistic query semantics.

Instead, we apply the approach from [66}92] to return a deterministic best guess result

15



based on S; and expose uncertainty through user interface cues [53] and through

human-readable explanations generated on-demand.

Example 3 Continuing with our running example, assume a user operating in workspace
W1 would like to retrieve all the names of students based on the enrollment JSON
document. One option the user can take is to query the relations exposed by the best
guess schema Syqa.. For instance, one way to express this query over the schema in
Figure 2.9 is:

01 | SELECT mame FROM Undergrad UNION

02 | SELECT mame FROM Grad

To process this query, the ASD would run the extraction workflow to create the rela-
tional content of the Undergrad and Grad relations (it would be sufficient to create the
projections of these relations on name only). The query is then evaluated over these
extracted data. As a side-effect, by accessing these schema elements, the user declares
interest in them and they are added to the schema workspace. Note that only accessed
attributes are added to the workspace. If the workspace’s schema was empty before,
the resulting schema would be S; = {Undergrad(name), Grad(name)}. Additionally,
m My these elements are matched with their counterpart in Sy... If afterwards the
user retrieves the degree of a graduate student then the Grad relation’s schema would

become (name, deg).

Declaring New Schema Elements. So far we have only discussed the case where
a query refers to existing schema elements (either in the user schema or the extracted
schema). If a query uses schema elements that are so far unknown, then this is

interpreted as a request by the user to add these schema elements to the schema
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workspace. It is the responsibility of the ASD to determine how schema elements
in the extracted schema are related to these new elements. Any existing schema
matching (and mapping discovery) approach could be used for this purpose. For
instance, we could complement schema matching with schema mapping discovery
[23,188] to establish more expressive relationships between schema elements. Based
on such matches we can then rewrite the user’s query to access only relations from the
extracted schema using query rewriting with views (a common technique from virtual
data integration [41]) or materialize its content using data exchange techniques [36].
Again we take a probabilistic view by storing all possible matches with associated

probabilities and choosing the matches with the highest probability for the given

query.

Example 4 Assume that a user would like to find names of students without having

to figure out which relations in Sy, Sstore student information. A user may ask:

SELECT mame FROM Student

Since relation Student occurs in neither S1 nor Spyae, the ASD would run a schema
matcher to determine which elements from S,,.. match with Student and its attribute
name, for instance by probabilistically combining the name attribute of Grad and Un-

dergrad as in the query from Ezample[3.

In the example above, three Student(name) relations could reasonably be extracted
from the dataset: One with just graduate students, one with just undergraduates, and
one with both. Although it may be possible to heuristically select one of the available
extraction options, it is virtually impossible for a single heuristic to cover all use cases.

Instead, ASDs use heuristics only as a starting point for schema definitions. An ASD
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decouples its information extraction heuristics from the space of possible extractions
that could be emitted. In the next section, we present how these uncertain heuristic
choices can be validated or corrected as needed in a pay-as-you-go manner [49,/66].
Note that we can use any existing schema matching algorithm to create schema
matching M; as long as it can be modified to expose probabilities. As we have
demonstrated in previous work this assumption is reasonable — Mimir [66] already

supports a simple probabilistic schema matching operator.

2.4 Explanations and Feedback

Allowing multiple schemas to co-exist simultaneously opens up opportunities for
ambiguity to enter into an analyst’s interaction with the database. To minimize
confusion, it is critical that the analyst be given insight into how the ASD is presently
interpreting the data.

Our approach to communicating the ASD’s decisions leverages our previous work
on: (1) explaining results of probabilistic queries and data curation operators in
Mimir [53,/66,/92], and (2) provenance frameworks for database queries [8,/68]. We
discuss the details of these systems along with our proof of concept implementation
in Section [2.6f An ASD must be able to: (1) Warn the analyst when ambiguity could
impact her interaction, (2) Explain the ambiguity, (3) Evaluate the magnitude of the
ambiguity’s potential impact, and (4) Assist the analyst in resolving the ambiguity.
In this section, we explore how an ASD can achieve each of these goals in the context
of three forms of interaction between the ASD and the outside world: Schema, Data,

and Update.
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Schema Interactions. Schema interactions are those that take place between the
analyst and the ASD as she composes queries and explores the relations available
in her present workspace. Recall that referencing a relation that does not exist in
the workspace and extraction schema S,,,, does not necessarily constitute a problem
since this triggers the ASD to add this relation to the workspace and figure out which
relations in Sex¢ it could be matched with. However, it may be the case that no
feasible match can be found. This either means that the user is asking for data that
is simply not present in the dataset D or that errors in the extraction workflow or
matching caused the ASD to miss the correct match. To explain the failure, we may
provide the user with a summary of why matching with Sey¢ failed. For example,

there are no relations with similar names in Sexg.

Data Interactions. Data interactions happen when the ASD produces query results.
Here, ambiguity can typically not be detected by static analysis and is often hidden
behind multiple layers of aggregation and projection. For example, the query in
Example 4] can have three distinct responses, depending on which relations from the
extraction schema are matched against Student relation in the workspace that the
analyst is currently using. At this level un-intrusive interface cues [53] are critical for
alerting the analyst to the possibility that the results she is seeing may not be what she
had in mind. The Mimir system uses a form of attribute granularity provenance 66,
92] to track the effects of sources of ambiguity on the output of queries. In addition to
flagging potentially ambiguous query result cells and rows (e.g., attributes computed
based on a schema match that is uncertain), Mimir allows users to explore the effects
of ambiguity through both human-readable explanations of their causes and statistical

precision measures like standard deviation and confidence scores. Linking results to
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sources of ambiguity also makes it easier for the analyst to provide feedback that
resolves the ambiguity. In Section we show how we leverage Mimir to streamline

data interactions in our prototype ASD.

Update Interactions. Finally, update interactions take place when the ASD re-
ceives new data, or changes to existing data. In comparison to the other two cases,
there may not be an analyst directly involved in an update interaction like a nightly
bulk data import. Thus, the ASD must be able to communicate the ambiguity arising
from update interactions to analysts indirectly. The main problem with updates is
that the extraction schema candidates Sex¢ and its probability distribution P.,; may
get out of sync with the data it is describing. For example, when extracting JSON
schemas, Oracle’s DataGuides [57] transparently upgrade the type of a primitive-
valued object to a singleton array if necessary for compatibility. Workspaces that
have already imported mappings to the object expect it to be a primitive value.
However, rather than blocking an insertion or update which does not conform with
the extraction schema outright, the ASD will represent schema mismatches as missing
values when data is accessed through the out of sync schema. Alternatively, we can
attempt to resolve data errors with a probabilistic repair. For example, an array of
primitive values can be coerced into a primitive value by the probabilistic repair-key
operation [6], allowing us to once again leverage probabilistic data curation systems
like Mimir for explanations and feedback. However, because of the possibility that
the schema is incorrect, feedback on these curation steps includes an additional two
options for the analyst. In addition to repairing the potential data error, the analyst
can choose to upgrade her workspace’s schema to match the changes, or may choose

to checkpoint her workspace and ignore new updates.

20



The ASD can also adjust the information extractor to adapt the schema candidate
set Cepr and its probability distribution. However, this change could invalidate the
matches of an existing workspace. For instance, consider an extracted schema that
contains a relation Student(name,credits). If subsequent updates to the dataset insert
many students without credits, then eventually the relation Student(name,credits)
should be replaced with Student(name). If a workspace schema contains an attribute
matched to Student.credits, then this attribute is no longer matched with any attribute
from the extraction schema. When explaining missing values to the user, we plan to
highlight their cause, whether they are the result of data that can not be cast to the
current schema, or of an orphaned workspace attribute (it is no longer matched to

any attribute in Ce.).

User Feedback. We envision letting the user provide various kind of feedback
about errors in query results such as marking sets of invalid attribute values and
unexpected rows. Based on provenance we can then back-propagate this information
to interpret these as feedback on matches and extraction workflow decisions. To
determine a precise method for determining the best fixes based on such information is
an interesting avenue for future work. Continuing with our running example, assume
that the user when postulating the existence of a Student relation was only interested
in the names of graduate students. If the ASD has matched the student relation
against both Undergrad and Grad, then the result will also include undergraduates.
To indicate that there is a problem, the user can mark some of the undergraduate
names in the result as erroneous. The ASD can back-propagate these markers to the
inputs using provenance (e.g., see [20,25]). In the example, these back-propagated

markers all annotate data that is in the result based on the match between Student
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and Undergrad. Thus, they provide evidence against this schema match and the ASD

may decide to remove the match.

2.5 Adaptive Organization

A classical RDBMS determines the physical organization of data based on its
schema. This leads to excellent query performance and good storage utilization, be-
cause the schema information can be exploited to choose a beneficial physical design.
For instance, using this approach it is not necessary to store schema information with
each row, since all rows share the same structure and may be interpreted in the same
way. However, this approach has the disadvantage that even small schema changes
may necessitate physical reorganization of large amounts of data. Conversely, stor-
ing data in its native semi-structured or unstructured form does not enforce a fixed
schema for the data and, thus, no physical reorganization is needed when the schema
evolves. However, this flexibility comes at the cost of reduced query performance as
the raw data needs to be decoded and transformed at runtime, and at the cost of

higher storage requirements.

2.5.1 DMaterializing Personalized Schemas

From a user’s perspective, data in a personalized schema is relational, i.e., SQL
queries are treated as queries that access relational views. Under the hood, when a
query accesses unstructured or semi-structured data, the data is transparently trans-
formed into relational form, e.g., through an SQL-standard flatting operation for

semi-structured data such as JsoN_TABLE(). Thus, ASDs effectively decouple the data
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format used for storage (the unstructured or semi-structured input datasets) from
the data format used for querying (in the format defined by a schema workspace).
Technically, it would be sufficient to just store the input datasets and generate data
according to a workspace schema at query time. This corresponds to the second
method mentioned above. Alternatively, we could materialize data according to a
workspace schema eagerly after each change to the schema. This is the approach
taken by traditional data warehousing. In ASDs any (partial) relational workspace
schema is essentially a view over the semi- or unstructured input datasets. Thus, we
have the freedom to materialize such a view just-in-time when it is requested or drop
it if it is no longer deemed beneficial. Existing adaptive physical design and caching
techniques [18}28,146,/63,/96] can be utilized to make such decisions. For example,
these “views” can be materialized as in-memory data structures |57 or be stored as
disk-resident materialized views and indexes as illustrated in [56].

Having this flexibility enables an ASD to adapt to usage patterns. During periods
of frequent data evolution, materialized schemas require additional efforts to be kept
up to date with the evolving schema and data. If this effort exceeds the performance
benefit for queries, then these structures should be dropped. In ASDs this is not a
problem, since these structures can be re-created from the input datasets at any point
in time. In other words, in ASDs, the schema-based storage approach is merely an

optional cache that we can fully control.

2.5.2 Shared Materializations

Since ASDs will host multiple schema snapshots from multiple workspaces over the

same raw input data, it is advantageous to extensively share materializations across
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schemas. The schemas discovered by ASDs can be used to guide performance tuning
by caching content of relations that are used frequently and are stable (their schema
and content has not been modified recently). In this regard, it will be important
to determine differences among schema snapshots from the same and from different
workspaces to identify opportunities for sharing and to update cached data through
incremental materialized view maintenance techniques. Additionally, we can lever-
age techniques from revision control systems, such as, copy-on-write, storing change
deltas, and materializing at large change boundaries, to organize the shared physical
cache for schema snapshots.

Furthermore, we can cache the outputs of data extraction or projections over this
output to benefit multiple workspace schema elements. This leads to interesting op-
timization problems because of the sharing of elements, a problem analogous to the
view selection problem [63]. The difference to other automated approaches for tuning
physical design is that the sharing of such elements by workspace schemas is en-
coded in their matchings, which simplifies the identification of sharing opportunities.
It remains to be seen whether this information can be exploited to devise caching

strategies that are fine tuned for ASDs.

2.6 Adaptive Schema in Action

We now outline a proof of concept ASD implementation, leveraging the Mimir [66,
91] system for its provenance and feedback harvesting capabilities. For this prelimi-
nary implementation, we chose to implement a probabilistic version of the normalizing

relational data extractor for JSON data recently proposed by DiScala and Abadi [31].
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This extractor uses heuristics based on functional dependencies (FDs) between the ob-
jects’ attributes to create a narrow, normalized relational schema for the input data.

We use this extractor as a proof of concept extraction workflow in our prototype.

2.6.1 Deterministic Extraction

The DiScala extractor [31] runs on collections of JSON objects with a shared
schema. The first step in the extraction process is to create a functional dependency
(FD) graph from the objects. The nodes in a dependency graph represent attributes
and an edge from attribute A to attribute B denotes that a functional dependency
A — B approximately holds. The objects are first flattened, discarding nesting
structure and decomposing nested arrays, resulting in a single, very wide and very
sparse relation. The extractor creates a FD graph for this relation using a fuzzy FD
detection algorithm [47], originally proposed by Ilyas et. al., that keeps it resilient to
minor data errors. Any subtree of this graph can serve as a relation, with the root
of the tree being the relation’s key (since it implies all attributes in this subtree). At
this point, the original, deterministic DiScala extractor heuristically selects one set
of relations upfront to use as a final target schema.

In a second pass, the extractor attempts to establish correlations between the
domains of pairs of attributes. Relations with keys drawn from overlapping domains
become candidates for being merged together. Once two potentially overlapping rela-
tions are discovered, the DiScala extractor uses constraints given by FDs to identify

potential mappings between the relation attributes.
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2.6.2 Non-Deterministic Extraction

The DiScala extractor makes three heuristic decisions: (1) Which relations to
define from the FD graph, (2) Which relations to merge together, and (3) How to
combine the schemas of merged relations. In an ASD, such heuristics are expected to
serve only as a rough, first draft of the schema, and not as a final, correct represen-
tation of the data. Errors in the first of these heuristics appear in the visible schema,
and as discussed in Section are easy to detect and resolve. The remaining heuris-
tics can cause data errors that are not visible until the user begins to issue queries.
As a result, the primary focus of our proof of concept is on the latter two heuristics.

Concretely, our prototype ASD generalizes the DiScala extractor by providing:
(1) Provenance services, allowing users to quickly assess the impact of the extractor’s
heuristics on query results, (2) Sensitivity analysis, allowing users to evaluate the
magnitude of that impact, and (3) Easy feedback, allowing users to easily repair
mistakes in the extractor’s heuristics. We leverage a modular data curation system
called Mimir [66,91,92] that encodes heuristic decisions through a generalization [52]
of a common encoding of ambiguous and incomplete data called C-Tables [40,/48]. A
relation in Mimir may include placeholders, or wvariables that stand in for heuristic
choices. During normal query evaluation, variables are replaced according to the
heuristic. However, the terms themselves allow the use of program analysis as a form
of provenance, making it possible to communicate the presence and magnitude of
heuristic ambiguity in query results, and also allow users to easily override heuristic

choices.

Example 5 Consider the task of mapping a source relation R(A, B) to a target re-

lation R'(C). Mimir’s schema matcher uses a query of the form:
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02

03

04

05

06

SELECT CASE {C}
WHEN 'A' THEN A
WHEN 'B' THEN B
ELSE NULL
END AS C

FROM R
where {C} denotes a variable with domain {’A’, ’B’, NULL} thatl selects between
the possible input columns, or declares that there is no matchH The resulting C-Table

includes a labeled null for each output row that can take the values of R.A, R.B, or

NULL, depending on how the model assigns variable values. Consider this example

imstance:
R|A B R’ C
N {Cc}=A>71: ({C}=B’ 7 2 : NULL)
3 4 {C}=A"73: ({C}=B’ 7 4: NULL)

Conceptually, every value of R'.C' is expressed as deferred computation (a future).
A waluation for {C} allows R to be resolved into a classical relation. Conversely,
program analysis on the future links each value of R'.C', as well as any derived values

back to the choice of how to populate C'.

Heuristic data transformations, or lenses, in Mimir consist of two components.
First, the lens defines a view query that serves as a proxy for the transformed data
with variables standing in for deferred heuristic choices. Second, a model compo-
nent abstractly encodes a joint probability distribution for each variable through two

operations: (1) Compute the most likely value of the variable, and (2) Draw a ran-

LCurrently, the schema matcher assumes that one target attribute can only be matched against
one source attribute.
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Figure 2.3: Structure of an extracted relation’s merged view

dom sample from the distribution. Additionally, the model is required to provide a
human-readable explanation of the ambiguity that the variable captures.

For this proof of concept we adopt an interaction model where the ASD dynam-
ically synthesizes workspace relations by extending one extracted relation (the pri-
mary) with data from extracted relations containing similar data (the secondaries).
Figure illustrates the structure of one such view query: The primary and all pos-
sible secondaries are initialized by a projection on the source data. A single-variable
selection predicate (i.e., {relation?}) reduces the set of secondaries included in the
view. Second, a schema matching projection as illustrated in Example [5| adapts the
schema of each secondary to that of the primary.

Our adapted DiScala extractor interfaces with this structure by providing models

for relation- and schema-matching, respectively. We refer the reader to [31] for the
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details of how the extractor computes relation and attribute pairing strength. The
best-guess operations for both models use the native DiScala selection heuristics,
while samples are generated and weighted according to the pairing strength computed
by the extractor. By embedding the DiScala extractor as a lens, we are able to
leverage Mimir’s program analysis capabilities to provide feedback. When a lens is
queried, Mimir highlights result cells and rows that are ambiguous [53]. On-request,
Mimir constructs human-readable explanations of why they are ambiguous, as well as
statistical metrics that capture the magnitude of the potential result error. Crucially,
this added functionality requires only lightweight instrumentation and compile-time

query rewrites [66].

2.6.3 Evaluation

Mimir and the prototype ASD are implemented in Scala 2.10.5 being run on the
64-bit Java HotSpot VM v1.8-b132. Mimir was used with SQLite as a backend.
Tests were run multi-threaded on a 12x2.5 GHz Core Intel Xeon running Ubuntu
16.04.1 LTS. The primary goal of our experiments is to evaluate the overhead of our
provenance-instrumented implementation of the DiScala extractor compared to the
behavior of the classical extractor. We used a dataset, TwitterM consisting of 200
columns and TwitterW consisting of 400 columns of twitter JSON data. The ex-
tractor was run on 100,000 rows taken from Twitter’s Firehose. Figure shows
the performance of the extractor. We show pre-processing time, the time necessary
to compile and evaluate SELECT * FROM workspace relation, and the same query
against a table containing the output of the classical DiScala extractor. Note that

both these queries return the same set of results, but the former is instrumented,
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Time
Dataset | Precompute | ASD | Classic
TwitterM | 214s (1.34) 1.26s (0.06) | 0.31s (0.04)
TwitterW | 625s (36.9) ‘ 1.49s (0.05) ‘ 0.28s (0.0012)

Figure 2.4: Overhead of the provenance-aware extractor (average of the trail runs,

standard deviations are in parenthesis)

allowing it to provide provenance and feedback capabilities. Runtime for the instru-

mented extractor is a factor of 2 larger than the original, but is dominated by fixed

compile-time costs.
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Chapter 3

Interactive Semi-structured

Schema Generation

3.1 Interactive JSON

Ad-hoc data models like JSON make it easy to evolve schemas and to multiplex
different data-types into a single stream. This flexibility makes JSON great for gen-
erating data, but also makes it much harder to query, ingest into a database, and
index. Specifically, we consider the challenge of designing schemas for existing JSON
datasets as an interactive problem. We present SCHEMADRILL, a roll-up/drill-down
style interface for exploring collections of JSON records. SCHEMADRILL helps users
to visualize the collection, identify relevant fragments, and map it down into one
or more flat, relational schemas. We describe and evaluate two key components of
SCHEMADRILL: (1) A summary schema representation that significantly reduces the

complexity of JSON schemas without a meaningful reduction in information content,
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and (2) A collection of schema visualizations that help users to qualitatively survey
variability amongst different schemas in the collection.

Semi-structured formats like JSON allow users to design schemas on-the-fly, as
data is generated. For example, adding a new attribute to the output of a system
logger does not break backwards compatibility with existing data. This flexibility
facilitates the addition of new features and enables low-overhead adaptation of data-
generating processes. However, because the data does not have a consistent underly-
ing schema, it can be harder (and slower) to explore than simple tabular data. The
logic of each and every query must explicitly account for variations in the schema
like missing attributes. Performance also suffers, as there is no one physical data
representation that is ideal for all schemas.

To address these problems, a variety of techniques [12,30,39,55, 78] have arisen to
generate schemas after-the-fact. The goal of these semi-structured schema discovery
(83D) techniques is to propose a schema for collections of JSON records. A common
approach to this problem is to bind the JSON records to a normalized relational
representation, or in other words, to derive a set of flat views over the hierarchical
JSON data.

Existing automated approaches to this problem (e.g., [30,39]) operate in a single-
pass: They propose a schema and consider their job done. Unfortunately these tech-
niques also rely heavily on general heuristics to select from among a set of schema
design choices, as a clear declarative specification of a domain would be tantamount
to having the schema already. To supplement domain-agnostic heuristics with feed-
back from domain experts, we propose a new iterative and interactive approach to

$3D called SCHEMADRILL.
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SCHEMADRILL provides a OLAP-style interface (with analogs to roll-up, drill-
down, and slice+dice) specialized for exploring collections of JSON records. Every
state of this interface corresponds to a relational view defined over the JSON data.
When ready, this view can be exported to a classical RDBMS or similar tool for
simplified, more efficient data access. Further, we explore several design options for

SCHEMADRILL, and discuss how each interacts with the challenges of S3D.

3.1.1 Extracting Relational Entities

The first class of challenges we address involve the nuts and bolts of mapping
hierarchical JSON schemas to flat relational entities. Fundamentally, this involves a

combination of three relational operators: Projection, Selection, and Unnesting.

Projecting Attributes. JSON schema discovery can, naively, be thought of as a
form of schema normalization [24], where each distinct path in a record is treated
as its own attribute. Entities then, are simply groups of attributes projected out of
the JSON data, and the $°D problem reduces to finding such groups (e.g., by using

Functional Dependencies [30]).

Selecting Records. This naive approach fails in situations where the collection of
JSON records is a mix of different entity types that share properties. As a simple
example, Twitter streams mix three entity types: tweets, retweets, and deleted tweets.
Although each entity appears in distinct records, they share attributes in common.
Hence, entity extraction is not just normalization in the classical sense of partitioning

attributes, but rather also a matter of partitioning records by content.
Collapsing Nested Collections. JSON specifies two collection types: Arrays and

Objects. Typically the former is used for encoding nested collections and the latter for
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encoding tuples with named attributes. However, this is not a strict requirement. For
example, latitude and longitude are often encoded as a 2-element array. Conversely,
in some data sets, objects are used as way to index collections by named keys rather
than by positions. Hence, simple type analysis can not distinguish between the two
cases. This is problematic because treating a collection as a tuple creates an explosion

of attributes that make classical normalization techniques incredibly expensive.

3.1.2 Human-Scale $°D

Even in settings where JSON data is comparatively well behaved, it is common
for it to have dozens, or even hundreds of attributes per record. Similarly, individual
JSON records can be built from any of the hundreds or thousands (or more) different
permutations of the full set of attributes used across the entire collection. Bring-
ing this information down to human scale requires simultaneously simplifying and

summarizing.

Summarization. For the purposes of entity construction, the full set of attributes
is often unnecessary. It is often possible to collapse multiple attributes together,
or express attributes as equivalent alternatives. As an example, an address might
consist of four distinct attributes city, zip code, street, and number when it could

conceptually be expressed as just one.

Visualization. In addition to simplifying the underlying problem, it is also useful
to give users a coarse “top-down” view of the schema process. Specifically, users need
to (1) be able to see patterns of structural similarity between distinct schemas, and

(2) understand how much variation exists in the data set as-is.

Iteration. By combining straightforward summarization and data visualization
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possibly_sensitive
quoted_status.contributors
quoted_status.coordinates
quoted_status.coordinates.coordinates
quoted_status.coordinates.type
quoted_status.created_at
quoted_status.entities.hashtags
quoted_status.entities.hashtags.text
quoted_status.entitics.media
quoted_status.entities.media.display_ur
quoted_status.entities.media.expanded
quoted_status.entities.media.id
quoted_status.entities.media.id_str
quoted_status.entities.media.media_url ~|

SELECT FROM Twitter
WHERE AND quoted_status.hashtags.text LIKE '#foobar'

Figure 3.1: Prototype user interface for SCHEMADRILL.
techniques, SCHEMADRILL helps users to quickly identify natural clusters of records
and attributes that represent relational entities. SCHEMADRILL facilitates an iterative
schema design process to allow human experts to better evaluate whether structures
in the data indicate conceptual relationships between records or attributes, or are

merely data artifacts.

3.1.3 Overview

Figure [3.1] shows the prototype interface of SCHEMADRILL. The pane on the left,
discussed in Section [3.2] shows the schema of the currently selected JSON view, high-
lighting attributes and groups based on relevance. The pane on the right, discussed
in Section |3.3] provides a top-down visual sketch of schemas in the currently selected
JSON data, and allows users to interactively filter out parts of it. Finally in Sec-

tion 3.3, we show examples of how SCHEMADRILL facilitates incremental, iterative
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exploration and mapping of JSON schemas.

3.2 Summarization

The first component of SCHEMADRILL, the schema pane, shows the relational
schema of the extracted view. Initially, this schema consists of one attribute for
every path in the JSON collection being summarized. Attributes may be deleted or
restored, and sets of attributes may be unified.

The core challenge behind implementing this pane is that, depending on data set,
the schema could consist of hundreds or thousands of attributes. This can be over-
whelming for users who just wants to find account profiles appearing in a Twitter
stream. To mitigate this problem, SCHEMADRILL presents the schema in a summa-
rized form.

Specifically, attributes are grouped based on both correlations and anti-correlations
between them. Groups of correlated attributes, or those that frequently co-occur in
JSON records are likely to be part of a common structure. Similarly, groups of anti-
correlated attributes, or those that rarely co-occur in JSON records are likely to rep-
resent alternatives (e.g., a Street Address vs GPS coordinates). We use correlations
and anti-correlations between attributes to compact the schema for representation.

Before describing the summary itself, we first formalize the problem.

3.2.1 Data Model

A JSON object is an order-independent mapping from keys to values. A key is

a unique identifier of a JSON object, typically a string. A value may be atomic or
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complex. Atomic values in JSON may be integers, reals, strings, or booleans. A
complex value is either a nested object, or an array, an indexed list of values. For
simplicity, we model arrays as objects by treating array indexes as keys. A JSON
record may be any value type, but for simplicity of exposition we will assume that all

records are objects.

Example 6 A fragment of Twitter Tweet encoded as JSON

"tweet": {
"text": "#SIGMOD2018 in Houston this year",
"user": {
"name" : "Alice Smith", "id" : 12345,
"friends_count": 1023,
},
"retweeted_status": {
"tweet": {
"user": { ... }, "entities": { ... },
"place": { ... }, "extended_entities": { ... }
I
},
"place": { ... }, "extended_entities": { ... 1},
"entities": { "hashtags": [ "SIGMOD2018" 1, ... 1},
}

JSON objects are typically viewed as trees with atomic values at the leaves, complex

values as inner nodes, and edges labeled with the keys of each child. Our goal is to
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identify commonalities in the structure of this tree across multiple JSON records in
a collection. To capture the structure, we define the schema S of a JSON record as
the record with all leaf values replaced by a constant L. A path P is a sequence of
keys P = (ko,...,ky). For convenience, we will write paths using dots to separate
keys (e.g., tweet.text). We say that a path appears in a schema (denoted P € 9) if it
is possible to start at the root of S and traverse edges in order. If the value reached

by this traversal is L, we say that P is a terminal path of S (denoted PLS).

3.2.2 Paths as Attributes

Ultimately, our goal is to create a flat, relational representation suitable for use
with an entire collection of JSON records. The first step to reaching this goal is to
flatten individual JSON schemas into collections of attributes. We begin with a naive
translation where each attribute corresponds to one terminal path in the schema. We
write S+ to denote the path set, or relational schema of JSON schema S, defined
as: St = { P| PLS} Since keys are unique, commutative and associative, this
representation is interchangeabldj_-] with the tree representation. Hence, when clear

from context we will abuse syntax, using S to denote both a schema and its path set.
Example 7 The path set of the JSON object from Ezample [ includes the paths:

1. tweet.text

2. tweet.user.friends_count

3. tweet.user.id

'modulo empty objects or arrays
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4. tweet.entities.hashtags. [0]

FEach terminal appears in the set. Note in particular that single element of the array

at tweet.entities.hashtags 1S assigned the key [0].

Path sets make it possible to consider containment relationships between schemas.

We say that S; is contained in S, iff Si- C S5

3.2.3 Schema Collections

We now return to our main goal, summarizing the schemas of collections of JSON
records. The starting point for this process is the schemas themselves. Given a
collection of JSON records, we can extract the set of schemas { Si,...,Sy } of
records in the collection, which we call the source schemas. One existing technique
for summarizing these records, used by Oracle’s JSON Data Guides [58,69], is to
simply present the set of all paths that appear anywhere in this collection. We call

this the joint schema S:
def 1
st = s

Observe that, by definition, each of the source schemas is contained in the joint
schema. The joint schema mirrors existing schemes for relational access to JSON data
like for example. However, the joint schema can still be very large, with hundreds,
thousands, or even tens of thousands of columng’} To summarize them we need an

even more compact encoding for sets of schemas.

A Schema Algebra. As a basis for compacting schema sets, we define a simple

algebra. Recall that we are particularly interested in summarizing cooccurrence and

20One dataset |4] achieved 2.4 thousand paths through nested collections of objects.
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anti-cooccurence relationships between attributes.

A= P|0|AAA | AVA

Expressions in the algebra construct sets of schemas from individual attributes. There
are two types of leaf expressions in the algebra: A single terminal path P represents
a singleton schema ({{P}}), while # denotes a set containing no schemas {}. Dis-

junction acts as union, merging its two input sets:

(S Sy IS Sy Y sy, S, S S )

Disjunction models anti-correlation: The resulting schema set is effectively a collec-
tion of schema alternatives. For example, P; V P, indicates two alternative schemas:

{P1} or {P>}. Conjunction combines schema sets by cartesian product:

{1, Sy AL S Sy Y Y L Sius) | ie[1,N], e 1, M] }

Conjunction models correlations: The resulting schema set mandates that exactly one
option from the left-hand-side and one option from the right-hand-side be present. On
singleton inputs, the result is also a singleton. For example, P, A P is a single schema
that includes both P, and P,. For inputs larger than one element, the conjunction
requires one choice from each input. For example, (P, V Py) A (P3V Py) is the set of
all schemas consisting of one of P; or P,, and also one of P3 or Pj.

Although we omit the proofs for conciseness, both A and V are commutative and

associative, and V distributes over AP} For conciseness, we use the following syntactic

3To be precise, the structure { {{P}},V,A,0,{{}} ) is a semiring.
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conventions: (1) When clear from context, a schema S denotes its own singleton set,
and (2) We write P, P, to denote Py A Ps.

This schema algebra gives us a range of ways to represent schema sets. At one
extreme, the set of source schemas arrives in what is effectively disjunctive normal
form (DNF). One schema may be expressed as a conjunction of its elements, and the
full set of source schemas can be constructed by disjunction. For example, the source
schemas {P;, P} and {P,, Ps} may be represented in the algebra as Py P, V P,Ps.

At the other extreme, the joint schema is a superset of all of the source schemas. It
too can be thought of as a schema set, albeit one that loses information about which
attributes appear in which schemas. Hence, this joint schema set may be defined as

the power set of all attributes in the joint schema.

2= \(PV)

PeS

Observe that at a minimum, each of the source schemas must appear in this schema
set (S; € 25). However many other schemas appear in the resulting schema set as

well.

3.2.4 Summarizing Schema Collections

These two extreme representations (the raw source schemas and the joint schema
set) are bad, but for subtly different reasons. In both cases, the representation is
too verbose. In the former case verboseness stems from redundancy, with significant
overlap in variables between the source schemas. Conversely in the latter case it stems

from imprecision, as the schema set encompasses schemas that do not appear in the
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Figure 3.2: FP-Tree based schema summaries
source schemas. Of the two, the latter is more compact, in particular because each
attribute appears no more than once. This is a distinct representational advantage
because the joint schema can be displayed simply as a list.

We would like to preserve this only-once property. Our aim then, is to derive an
algebraic expression (1) in which each attribute appears exactly once, and (2) that is
as tight a fit to the original source schema set as possible. Ultimately, this problem
reduces to polynomial factorization and the discovery of read-once formulas [29], a
problem that is, in general, worse than P-time [21]. Hence, approximations are re-
quired. We consider two approaches and allow the user to select the most appropriate
one for their needs. The first is based on Frequent Pattern Trees [42] (FPTrees), a
data structure commonly used for frequent pattern mining. The second is to limit

our search to read-once conjunctions of disjunctions of conjunctions, a form we call

RCDC.

FP-Tree Summaries. An FP-Tree is a trie-like data structure that makes it easier
to identify common patterns in a query. Every edge in the tree represents the inclusion

of one feature, or in our case one attribute. Hence, every node in the tree corresponds
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to a set of paths (obtained by traversal from the root), and every leaf corresponds
to one source schema. We observe that every node in an FP tree corresponds to a
disjunction: For a node with 3 children, each subtree represents a different branch.
Similarly, every edge corresponds to a conjunction with a singleton. Although the

resulting tree may duplicate some attributes, duplications are minimized [42].

Example 8 Figure illustrates a schema summary based on FP-Trees. Sequences
of nodes with a single child are collapsed into single rows of the display (e.g., user.
listed_count and 63 immediate descendents). A toggle switch allows these entities to
be displayed to the user, if desired. Every level of the tree represents a set of alterna-

tives. For e:cample, possibly_sensitive NEVET CO-OCCUTS with user.profile_banner_url.

RCDC Summaries. Our second visualization is based on correlations and anticor-
relations. To construct this visualization, we begin with the joint summary. Recall

that the joint summary has the form

We create a covariance matrix based on the probability of two attributes co-
occurring in the schemas of one of our input JSON records. Using this covariance
matrix, hierarchical clustering [50], and a user-controlled threshold on the covariance,
we cluster the attributes by parenthesizing. For example, clustering might group P;

with P, and likewise P3; with P;. We can rewrite this formula as:
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user.listed count [&
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possibly sensitive |[:

user.profile banner url

retweeted status.user.description [
Figure 3.3: RCDC based schema summaries
Observe that this formula omits schemas that the original formula captures (e.g., any
schema including P, but not P). However, because clustering ensures that attributes
within a group co-occur frequently, there are comparatively few such schemas.

We next repeat the process with a new covariance matrix built using the frequency
of co-occurrence of groups (like P;P,). As before, we create clusters, but this time we
cluster based on extremely negative co-variances. Hence, members of the resulting
clusters are unlikely to co-occur. Continuing the example, let us assume that P, P, and
P3P, are highly anti-correlated. Approximating and simplifying, we get an expression
in RCDC form.

~ (P,PV P3Py VD) ...

As with the FP-Tree display, we use counts and an example attribute as a summary
name for the group, and a toggle button to allow users to expand the group along

either the OR or AND axes.

3.3 Visualization

Even within a mostly standardized collection of records like exported Twitter
or Yelp data or production system logs, it is possible to find a range of schema
usage patterns. Grouping by [anti-]cooccurrence is one step towards helping users

understand these usage patterns, but is insufficient for three reasons:
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(a) Without segmentation. (b) With segmentation.
Figure 3.4: Segmentation breaking up schemas.
1. Conceptually distinct fragments of the schema may share attributes in common

(e.g., delete tweet records share attributes in common with tweet records).

2. Even if they do not co-occur, certain [groups of| attributes may be correlated

(e.g., due to mobile phones, tweets with photos are also often geotagged).

3. There is no general way to differentiate JSON objects and arrays being used to
represent collections from those being used to represent structures (e.g., twitter

stores geographical coordinates as a 2-element array).

The second part of the SCHEMADRILL interface addresses these issues by presenting
top-down visual surveys of the schema. These surveys help users to quickly assess
variations in schema usage across the collection, to identify related schema structures,

and to “drill down” into finer grained relationships.
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3.3.1 Schema Segmentation

Specifically, we want to help the user to focus on particular parts of the joint
schema; We want to allow the user to filter out, or segment the schema based on
certain required attributes that we call subschemas. We define a subschema s as a
set of attributes, where s is contained in one or more source schemas. The s-segment

of source schemas S, ..., Sy to be the subset containing s:
segment(s) wf {S;i]ie[l,N]AnsCS;}

We are specifically interested in visual representations that can help users to identify
subschemas of interest. By then focusing solely on the segments defined by these
subschemas can significantly reduce the complexity of the schema design problem, as
illustrated in Figure |3.4, Figures illustrates the full schema summary as a tree,
while Figure shows a partial summary identified by the user using the lasso tool

we describe shortly.

Covariance Clouds. Our second visual representation, also like schema summaries,
uses correlations and anti-correlations to communicate subschemas of interest. To
generate a covariance cloud, we create a covariance matrix from the source schemas,
using the appearance of each attribute as a variable. Based on a user-controllable
threshold, we then construct a graph from the covariance matrix with every attribute
as one node, and every covariance exceeding the threshold as an edge. The graph is
then displayed to the user as a cloud using standard force-based layout techniques
(e.g., those used by GraphViz [34]). Cliques in the graph represent commonly co-

occurring subschemas that might form segments of interest. This includes every
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Figure 3.5: Coveriance Cloud for the full Yelp dataset.

conjunctive group identified in the schema summary. However, unlike the schema
summary, this visual representation more effectively captures subschemas with at-

tributes in common.

KNN-PCA Clouds. While the first visualizaton works on simple schemas, we
found that on more complex JSON data like Twitter streams [84], or the Yelp open
dataset [93] there were too many inter-attribute relationships, and the resulting visu-
alizatons were noisy. An approach we settled on is a mixture of Principle Component
Analysis (PCA) and K Nearest Neighbor clustering (KNN). As before, we treat each
source schema as a feature vector with each attribute representing one feature. We
then use PCA to plot our source schemas in two-dimensions. The resulting visu-
alization illustrates relationships between source schemas, with greater distances in
the visualization representing (approximately) more differences between the schemas.
Hence, clustered groupings of schemas represent potentially interesting sub-schemas.

A key limitation with this visualization is that for more complex datasets the
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Figure 3.6: KNN-PCA cloud with K=6 on the Yelp dataset.
somewhat arbitrary choice of 2 dimensions can be too low. Conversely adding more
dimensions directly through PCA makes the visualization more complicated and hard
to follow. To mitigate these limitations, we use K-Nearest Neighbors (KNN) to
colorize the PCA Cloud. In addition to using PCA, we do KNN clustering on the
schemas using a user-provided K (number of clusters). Each cluster identified by
PCA is assigned a different color. Combined, these two algorithms to provide users

an initial insight into the potential correlations that exist in their dataset.

Example 9 Figures and show an example of the resulting view on Twitter
and Yelp data. Note the much tighter clustering of attributes in the Twitter data:
each cluster represents one particular, common type of tweet. Conversely, the Yelp
schema includes a nested collection with, for ezample, hourly checkins at the business.

The presence (or absence) of these terminal paths is more variable, and the resulting
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PCA cloud follows more of a gradient.

These graphs may not initially be intuitive to interpret, but they provide abstract
bearings that map directly to phenomenon’s that exist in the data. In lieu of a formal
user study, we postulate that the information gained from each algorithm indepen-
dently will benefit the exploration process that is agnostic to labeled information.
This is in contrast to other tools [75], that largely utilize naming cues and attribute

nesting to meet user needs.

3.3.2 Schema Exploration

Now that we have shown the user potentially interesting subschemas, our next
task is to help them to (1) narrow down on actually interesting subschemas, and (2)
use those schemas to drill down to a segment of the schema data. For the first step,
it is critical that the user develop a good intuition for what the visual representations
encode. One way to accomplish this is to establish a bi-directional mapping between
SCHEMADRILL’s two data panes.

To map from visual survey to schema summary, we provide users with a lasso tool.
As illustrated in Figure [3.1], users can select regions of the KNN-PCA Cloud and the
corresponding schemas within that region. Doing so identifies the maximal subschema
contained in all subschemas and regenerates the schema summary pane based only
on the segment containing the maximal subschema. The maximal subschema itself is
also highlighted in the schema summary pane. On the Covariance cloud, the lasso tool
behaves similarly, selecting attributes explicitly rather than a maximal subschema.

The reverse mapping is achieved using highlighting, as illustrated in Figure |3.7]

Users can select one or more attributes (or groupings) in the schema summary pane,
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Figure 3.7: User-selected attributes shown in green.
and the KNN-PCA Cloud (resp., Covariance Cloud) is modified to highlight schemas
in the corresponding segment (resp., to highlight the attributes). In conjunction with
their prior knowledge of their tasks and ideal use cases, we use this approach to
perform the initial schema segmentation.
In either case, after selecting a set of attributes or schemas, the analyst may choose
to drill down into the selected segment, regenerating both views for the now restricted

collection of schemas.

3.3.3 An Iterative Approach

At any time in our exploration pipeline analysts may stop where they are, take
the knowledge they gained about their dataset, and restart the process from the

beginning. Through exploring the Twitter dataset we found retweets and quoted
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tweets to have a high correlation, with this knowledge we can then start back at the
beginning and depending on whether our task allows us to merge these attributes,
we can then choose a more appropriate K value for KNN. In addition, attributes
that have no relationship to core attributes, such as a users profile_image_url being
present, can easily be pruned to compress our summary output. By incrementally
learning about their dataset, an analyst can converge on the views required for their

tasks.

3.4 Alternative Extractors

Schema Extraction. Schema extraction for JSON, as well as for other self-
describing data models like XML has seen active interest from a number of sources.
An early effort to summarize self-describing hierarchical data can be found in the
LORE system’s DataGuides [39]. DataGuides view schemas begin with a forest of
tree-shaped schemas and progressively merge schemas, deriving a compact encod-
ing of the forest as a DAG. Although initially designed for XML data, similar ideas
have been more recently applied for JSON data as well [55,58]. Key challenges in
this space involve simply extracting schemas from large, multi-terabyte collections of
JSON data [12], as well as managing ambiguity in the set of possible factorizations
of a schema [10,|78]. The approach taken by Baazizi et. al. [12] in particular adopts
a type unification model similar to ours, but lacks the conjunctive operator of our
type-system. For non-hierarchical data, interactive tools like Wrangler [51] provide

an interactive frameworks for regularizing schemas.

Physical Layout. While schemas play a role in the interpretability of a JSON
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data set, they can also help improve the performance of JSON queries. One approach
relies on inverted indexes [55] to quickly identify records that make use of sparse paths
in the schema. Another approach is to normalize schema elements |30]. Although
the resulting schema may not always be interpretable, this approach can result in

substantial space savings.

Information Retrieval. From a more general perspective, the schema extraction
problem which aims at making large datasets tractable for interactive exploration,
is an instance of categorization problem that has been repeatedly studied in the
literature. More precisely, attributes (metadata) of the datasets can be grouped into
a hierarchy of "facets” (i.e., categories) |[75] where the child-level facets are conditioned
on the presence of the parent one. In our approach, we adopt the hierachical data
visualization and focus more on the algorithmic essence of the problem: How to (1)
balance between the preciseness and conciseness of the visualization and (2) respond

to users’ data exploration requests in a scalable way.

3.5 Recursive Schemas

One challenge that we will need to address in SCHEMADRILL is coping with nested
collections. At the moment, the user can manually merge collections of attributes that
correspond to disjoint entites. However, we would like to automate this process. One
observation is that a typical collection like an array has a schema with the general

structure:

(PLV PPV PP Py ..) = (PLA(ONV PaA(DV PsA(..0))))
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The version of this expression on the right hand side is notable as its closure over the
semiring ( {{P}},V,A,0,{{}} ) would indicate that the semiring is “quasiregular”
or “closed”, an algebraic structure best associated with the Kleene star. Hence, we
plan to explore the use of the Kleene star to encode nested collections in our algebra.
A key challenge in doing so is detecting opportunities for incorporating it into a
summary, a more challenging form of the factorization problem.

A further step to increase the capabilities of SCHEMADRILL is to incorporate type
information in the summarization. This adds an extra layer of information an analyst
can extract from our system, as well as the ability to identify and correct schema
errors. As a long term goal we will provide capabilities for linking views, for example
by defining functional dependencies. The goal is to create full entity relationship
diagrams. In particular, one interesting way to identify potential relationships that

exist between entities is by leveraging the overlap between segments.
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Chapter 4

Putting the Schema back in

Schema-on-Read

4.1 JSON Inconsistencies

Ad-hoc data models like JSON simplify schema evolution and enable multiplex-
ing various data sources into a single stream. While useful when writing data, this
flexibility makes JSON harder to validate and query, forcing such tasks to rely on au-
tomated schema discovery techniques. Unfortunately, ambiguity in the schema design
space forces existing schema discovery systems to make simplifying, data-independent
assumptions about schema structure. When these assumptions are violated, most no-
tably by APIs, the generated schemas are imprecise, creating numerous opportunities
for false positives during validation. We propose SCHEMADRILL, a JSON schema
discovery algorithm with heuristics that mitigate common forms of ambiguity. Al-

though SCHEMADRILL is slightly slower than state of the art schema extractors, we
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show that it produces significantly more precise schemas.

Record-level schema formats like JSON are the de-facto data representation for
rapidly evolving applications like REST APIs, data loggers, and data portals. JSON
data is easy to create programmatically, offers a path for flexible schema evolution,
and allows easy nesting of collections and structures. However, when each record de-
fines its own schema, by (self-)definition it is virtually impossible to detect data errors
or structural changes in new data. For example, an operations engineer monitoring
JSON log data may want to be warned when the structure of newly arriving events
changes, as this may signify errors, or the addition of new event types. However,
detecting such changes first requires a concise description of “typical” log data — a
collection-level schema.

Repeated attempts at inferring collection-level schemas |7,/10,/12,58] from JSON
records run into a common problem here: Nesting makes it impossible (in general)
to assert a single, unambiguous schema from a set of example JSON records. Such
techniques, which are typically designed to summarize JSON collections for human
consumption and not for data validation, resort to overgeneralizing. The resulting
schemas are descriptive (i.e., they have high recall), but achieve this descriptiveness
by adopting the broadest, most permissive of the ambiguous interpretations of the
input data (i.e., they have low precision). This generality makes the resulting schemas

ill suited for use in data validation.

Example 10 Consider the two JSON records in Figure[{.1 Production schema dis-
covery systems (e.g., Spark’s [7]) assume that objects in a collection are instances of
a single entity. This assumption leads them to (correctly) assert that all records in

the data must have an integer ts feld and a string event field. However, it also leads
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{"ts":7,"event":"login" ,"user":{"geo":[43.4,-7.2],
"name":" jbond"}}
{"ts":8,"event":"serve","files":["q.jpg","m.jpg"1}
Figure 4.1: Example JSON Data

them to (incorrectly) assume that variation between records is exclusively caused by
optional fields. Intuitively, a record can not simultaneously be a login and a serve
event, but existing schema discovery systems lack sufficient information to make this
distinction. Thus, the proposed schema will also admit any of the following (invalid)
records:

{"ts":9,"event" :"huh" ,"user":{...},"files":[...1},

{"ts":10,"event":"wat" }

Because the user field and the files field are independently optional, the proposed
schema will accept not only the two expected record-level schemas, but also records

with both fields, or records with neither.

Existing approaches resolve ambiguity by assuming that the data conforms to three
informal conventions [12]: (i) Collections contain a single entity type, (ii) JSON
arrays always encode collections, and (iii) JSON objects always encode tuples. These
assumptions are sufficient for simple, homogeneous JSON collections, but break down
on the complex nesting structures appearing in more heterogenous data sources like
web service APIs or JSON-formatted system logs.
In response, we develop a new JSON schema discovery system called SCHEMADRILL.

In contrast to existing techniques (e.g., |7,/12]) that resolve ambiguity through data-
independent heuristics, SCHEMADRILL’s heuristics resolve schema ambiguity on a
per-instance basis. As we show, the resulting schemas capture the structure of JSON

record collections with negligible loss relative to existing techniques (i.e., recall stays
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high), while simultaneously admitting a far narrower range of JSON records (i.e.,
precision improves) when compared to the same state-of-the-art systems.
Concretely, we make the following contributions: (i) We identify forms of schema
ambiguity that cause existing JSON schema discovery techniques to produce low-
precision schemas, (ii) We present SCHEMADRILL, a general framework for heuris-
tically resolving this ambiguity, (iii) We show the feasibility of SCHEMADRILL by
proposing specific heuristics for detecting and resolving these forms of ambiguity, (iv)
We show experimentally that SCHEMADRILL with these heuristics creates schemas
with significantly higher precision than state-of-the-art schema discovery, with negli-

gible change in recall.

4.2 Extractor Notation

The goal of JSON schema discovery is to re-construct a hidden ground truth
schema — a description of a set of valid JSON records — from a finite collection of
records sampled from this set. An ideal algorithm produces a generated schema with
high recall: all records in the ground truth schema should be part of the generated
schema, even if they do not appear in the sample. For schema validation, it is also
critical that the algorithm produce a schema with high precision: records not in
the ground truth schema should not be part of the generated schema. Ideally, an
algorithm would also produce a generated schema with a concise description. In this
section, we adapt the notation of Baazizi et. al. [12] to allow us to define precision
and recall more precisely.

Data values in JSON are weakly typed and may be either primitive or complex. As
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7 = B|IR|S|nall| [7, ..., 78] | {ki:71, ..., kn:7n }
Figure 4.2: JSON’s Typesystem

summarized in Figure [£.2] a primitive JSON value is a boolean value (B), a numeric
value (R), a string value (S), or the value null (null). A complex JSON value is
any array or object. A JSON array of type [ 7y, ..., 7y ] is an ordered sequence of
N values with types 71...7n. A JSON object of type { k1 : 71, ..., ky :7n } is a
collection of mappings from keys ky ... ky to values with types 71...7y. We define
the kind of a type 7 to be 7 if it is primitive, or the symbol O or A if 7 is an object

or array respectively:

¢

7 if 7€ {B,R,S null}

kind(7) = { © ifr={k :m,....kn:7n}

A ifr=[n,...,7n]
\

Example 11 The JSON object with ts 7 in Figure[4.1] has type:
{ ts:R, event:S, user: { name:S, geo:[R,R]}}

The kind of the record is O. The field event has kind S.

If 7 is an object (resp., array), we write keys(7) to denote the set of keys mapped by
the object (resp., the valid indices of the array; we also refer to these as keys). We
write 7.k to denote the type of the value nested under key k. We refer to this as a

field type of 7. Denote by p a path, a sequence of keys p1, ..., Pn.

Definition 1 (Schema) A schema S is a set of types T € S. We say that T is

admitted by the schema if it is an element of the set.
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When clear from context, we abuse notation using types (e.g., 7) to denote single-
ton schemas (i.e., { 7 }). We define the following three shorthands for compactly
representing nested schemas:

Optional Fields. We add a question mark to a field name to mark it as optional; The

resulting schema accepts object types with any subset of the fields marked optional.

. . 17 Pt
{kl.Tl,...,kn.Tn,kl STk, T }

{ {k1171,~~,kn17'mk21 :Tél,...,kzp:nfp }‘ {£17...7€p}§[m]}

Schema Nesting. We write { £:S,...} (resp., [S,...]) to denote the schema
admitting like-kinded types with corresponding field types admitted by the schema
S. That is:

AN
{k:l:Sl,...,k:N:SN}:{ {kltTl,...,k:NtTN}‘ TZ'ESZ'}

AN
[Sl,...,SN]:{ {7’1,...,7‘]\[}| TZ'GSi}

Collection Types. We write { * : S }" (resp., [ S |") to denote a collection schema
that admits any object-kinded type (resp., array-kinded) who’s field types are drawn

from S.

{*:S}*é{ {ki:7m,...;,kn v} | NeN AT, ..., 7v €S}

[S}*é [Tl,...,TNHNENO/\Tl,...,TNES}
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4.2.1 Schema Discovery

We are given a collection of records with N types R = { 7,...,7y } drawn
from some hidden ground truth schema Sg. The schema discovery problem is to
“merge” these types into a new schema definition (denoted merge (R)) that closely
approximates Sg. This derived schema should have high precision, admitting only

Imerge (R)—Sg|

ground truth types (i.e., Sounerge(R)] ~ 0) and high recall, admitting all ground

|Sg—merge(R)|

" [SaUmergs (R)| ). We would also like the derived schema to have a

truth types (i.e
compact representation, avoiding explicit type enumeration by using the shorthands
defined above.

Naive Discovery. Naively, we might take the sample records to be the definitive set
of types admitted by Sg. This is analogous to the L-reduction of Baazizi et. al. [12].

In other words we define:
A
merge, . ive (R) - { T1y---» TN }

This approach guarantees high precision, but (i) rejects types missing from the input

(i.e., has low recall) and (ii) is not compact.

Example 12 Applied to the two records in Figure[4.1], naive discovery simply returns

a set of the two distinct schemas.

{{ts—S, event » S, user — { geo = [R,R],name =S } },

{ts—S, event =S, files—[S,S]}}

Arrays as Collections. JSON arrays are commonly used to encode nested col-
lections. For array-kinded records, existing algorithms discover the schema of the

nested collection by recursively applying schema discovery to the union of the array’s
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elements. .
merge 4 (R) = [merge ({ 7 | [71,..., v ] €R,i € [N] }) "

Example 13 The field files in Figure would be merged into a collection of
strings: [ S|*, because all of its elements have kind S.

Objects as Tuples. JSON objects are commonly used to encode tuples. Accord-
ingly, variation between objects in a collection is assumed to be the result of op-
tional fields. Typically, fields appearing in all input objects are mandatory (with keys

keys,(R)), while fields appearing in only some are optional (with keys keys5(R)).

keysy(R) 2 m keys(7) keys3(R) 2 U keys(7) — keysy(R)
TER TER

The merge operation groups nested field types by their key and recursively merges
groups. Defining { kq,..., ky } 2 keysy(R), { kry1,.--,kn } 2 keysy(R), and S; 2
merge ({ 7i | T€R }):

A
mergeO(R):{klel k‘k:Sk, ]{;’;JFI:S]CJA ki])\[SN}

Standard Discovery. The classical approach to schema discovery, used in produc-

tion systems like Spark’s JSON data source [7] or Oracle’s JSON Data Guide [5§], is

modeled by Baazizi et. al.’s C-reduction [10], defined formally as follows:

merge, (R) = merge, . ({ 7| T€R-0—A})
U merge,({ 7| 7€RNAY})

U merge,({ 7| 7€ RNO})

This approach uses naive merge for primitive types and recursively merges arrays and

61



objects as collections or tuples, respectively.

4.3 Ambiguous Schema Extraction

In summary, existing schema discovery techniques decide how to interpret a col-
lection of records by the kind of the records in the collection: Arrays are always
collection-like, objects are always tuple-like, and collections always contain a sin-
gle entity. We now highlight examples of JSON in the wild that that violate these
assumptions, leading to imprecise schemas. A detailed description of all datasets

discussed can be found in Section .1

4.3.1 Arrays as Tuple-Like Structures

Example 14 Consider the user.geo field of Figure[].1 Although encoded as an ar-
ray, this field’s geospatial coordinates are actually a 2-element tuple and not a col-

lection of numbers. 2D coordinates would be more precisely described by the schema:

[R,R].

Many web service APIs including Twitter [85] and Yelp [90] follow the GeoJSON
standard [22] and use 2-element arrays for coordinates. Similarly, arrays sometimes
encode tuples in settings where JSON data is naively generated from CSV files [64].
In each case, treating all arrays as collections (e.g., [ R | instead of [ R, R ]) results

in unnecessarily permissive schemas.
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4.3.2 Objects as Collections

Example 15 Consider the pharmaceutical dataset [75] described in the experiments

section, which has a collection-like object that maps drug names to prescription counts:

{"cms_prescription_counts":
{"DOXAZOSIN MESYLATE": 26,

"MIDODRINE HCL": 12, ... }, ...}

Although encoded as an object, this field is a nested collection, where each element
maps keys (drugs) to values (prescription counts). A better schema for this dataset
would model it as a collection (i.e, { * — R }"). We also observed collection-style
objects in many other API datasets, including Yelp’s checkins dataset:
{"time": {"Thursday": {"15:00": 1},

"Saturday": {"23:00": 1}},

"business_id": "..."}
... as well as the matriz chat server event log [60):

"users": {"Alice": 100, "Bob": 100, ...},...}

Typical schema discovery treats all objects as tuples, always assuming missing ele-
ments to be optional fields. In the example, the use of optional attributes is very
verbose, as in each case the descendents share a schema. Furthermore, optional at-
tributes can not describe new field names (e.g., new medications or user names) as

they are added, as well reducing the schema’s recall.

63



4.3.3 Multi-Entity Collections

Log data and event-based web APIs are often composite streams of multiple data
types. For example, GitHub provides API access to a stream of status updates,
consisting of 49 event types, including:

{ "payload": {"size":1, "head":"...",
"commits":[ { "distinct":true, "sha":"...",

"message": "...", ... }, ... 1,

"type":"PushEvent" }

{ "payload": {"action":"opened", "issue":{ ... 1},
"created_at":"2018-08-22T16:48:292", ... }

"type":"IssuesEvent" }

Multi-entity collections can also be found in nested collections, like the New York

Times article API [83], which includes a multimedia object array containing summary

metadata:
{"multimedia": [
{"legacy": [1, ...},
{"legacy": { "xlarge": "O3Prosel-articlelarge. jpg",
"xlargewidth": 600,
"xlargeheight": 450}, ...},
{"legacy": { "thumbnail": "O3Prosel-thumbStandard. jpg",

"thumbnailwidth": 75,

"thumbnailheight": 75}, ...} 1, ...}

Though object fields (e.g., type) are shared between all records, multiple tuple-
like structures appear. Typical schema discovery produces a single unified schema

spanning all records. Such schemas are unnecessarily permissive, admitting arbitrary
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mixtures of fields.

4.4 Extraction Overview

We now introduce SCHEMADRILL, a general framework for implementing ambiguity-
aware schema discovery. To represent generated schemas, we use a subset of the JSON
Schema speciﬁcationE] captured by the following grammar S;. Primitive types are

explicit:

S7:=R|S|B|nul

Tuple-like arrays and objects are defined in terms of nested schemas:

| ArrayTuple(S7,S7,...)

| ObjectTuple(k:S7, k:Sy, ..., k' : Sy, k" :Ss, ...)

Collection-like complex types are similarly defined in terms of a single nested schema,

and a union type combines alternatives:

| ArrayCollection(S7) | ObjectCollection(Sy)

| Union(Sj, S], .. )

This grammar mirrors the schema shorthands given in Section [4.2] and its semantics
follow naturally. We abuse notatation and use expressions in this grammar inter-

changeably with schemas.

"https://json-schema.org/
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As an example, Algorithm [I] implements K-reduction as presented in Section 4.2}
Via helper functions (Algorithms [2] and [3)), array-kinded types are always intepreted
as single-entity collections, while object-kinded types are always intepreted as tuples.
Both helper functions are parameterized by a recursive merge heuristic, K-reduction
itself in this example.  The central feature of K-reduction is its distributivity over

union |12]:

merge K(R; UR;) = merge K(merge K(R;) Umerge K(R))

Thus, merge_K can be expressed as an associative fold operation. Considering that
the encoded representation is typically smaller than the size of the input type bags, it
is extremely amenable to distributed computation. Unfortunately, limiting ourselves
to associative folds limits the use of global statistics about the collection, in turn

limiting available strategies for resolving ambiguity.

4.4.1 Naive Implementation

SCHEMADRILL’s merge algorithm (sketched in simplified form as Algorithm
relaxes this restriction, considering the data as a whole when deciding how to resolve
ambiguity. We first describe the simplified algorithm, before discussing performance

optimizations. Broadly, two decisions need to be made: (i) Does a bag of array- or

Algorithm 1 merge K(R)
In: R: A bag of types
1: return Union( RN {R,S,B,null },
merge_array_coll(merge K, RN A),
merge_object_tuple(merge K, RNO))
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Algorithm 2 merge_array_coll(merge, R)

In: merge: A recursive merge function
In: R: A bag of array-kinded types
1: return ArrayCollection(merge({ 7.k | k € keys(7),7 € R }))

Algorithm 3 merge_object_tuple(merge, R)

In: merge: A recursive merge function
In: R: A bag of object-kinded types
1 ky,... k< keys (R)  ki,... ki < keys3(R)
2: return ObjectTuple(
ki = merge({ 7ki | T€RY}), ...,
ky — merge({ 7.k | TER }),
ki — merge({ 7.k{ | ki € keys(r),T€R}),...,
! -
merge({ 7.k} ’ k; € keys(T), T € R }))

object-kinded types encode a collection or a tuple?, and (ii) Given a bag of tuples,

are there multiple entities represented in the bag? These decisions are encoded in the

is_collection and partition helper heuristics, which we discuss in greater detail

below. If the elements of the input bag are determined to be collections, nested types

are merged together to infer the collection-nested type (Algorithm [2| and its object

analog). If the input bag’s elements are tuples, SCHEMADRILL partitions the bag

into individual entities and infers a schema for each individually (Algorithm (3| and its

array analog).

4.4.2 SchemaDrill

We now outline the details of SCHEMADRILL implemented on Apache Spark, and

in particular how we address bottlenecks in the simplified Algorithm 4| presented

above.
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Algorithm 4 SCHEMADRILL (R)

In: R: A bag of types
LSy+0 So+0 A+RNA O+ RNO
2: if |A| > 0 then
3: if is_collection(A) then

4: S4 <+ merge_array_coll(SCHEMADRILL, A)

5: else

6: Ay, ..., Ay < partition(A)

7 S4 < Union(merge_array_tuple(SCHEMADRILL, 4,),
merge_array_tuple(SCHEMADRILL, Ay)
)

8: end if

9: end if

10: if |O] > 0 then
11: if is_collection(O) then

12: So < merge_object_coll(SCHEMADRILL, A)

13: else

14: O1,...,0y < partition(O)

15: So +Union(merge_object_tuple(SCHEMADRILL, O ),

. ey

merge_object_tuple(SCHEMADRILL, Oy)

)

16: end if
17: end if
18: return Union(RN{ R,S,B,null } ,S4,So)

Parallelization.

We expect the two heuristics to need to see the entire input before producing an

output, so the simplified Algorithm [4]is not an associative fold, and so not ammenable

to distribution. SCHEMADRILL instead decouples these heuristics into separate com-

putation stages, each taking one pass over the data as illustrated in Figure [4.3] Pass

@ invokes the is_collection heuristic to determine the set of paths at which a col-

lection is present. Pass @ adapts the partition heuristics to precompute a strategy
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Figure 4.3: Stages of Extraction in SchemaDrill

for partitioning entities. Finally Algorithm [4|runs as pass @ to synthesize the schema.
Sampling. The need for multiple passes makes computing schemas more expensive.

One mitigation is to run SCHEMADRILL on only a small sample of training data. As
we show in the Section |4.7], entropy-based collection detection is surprisingly robust
(even a 1% sample is often almost perfect). The notable exception is when the schema
involves a rare object field, array index, or collection-nested type. To mitigate this
problem, SCHEMADRILL can be used iteratively with the following steps: (i) Derive
a schema from a small sample of the training data, (ii) Validate the remainder of the

training data, (iii) Add samples failing validation to the sample and repeat.

4.4.3 Helper Heuristics

SCHEMADRILL relies on two heuristics: is_collection and partition in Algo-
rithm [ We now outline the design goals for both heuristics before presenting two

specific realizations in Sections [4.5 and

Detecting Nested Collections. Following prior work in schema extraction (e.g.,
[10,12]), SCHEMADRILL focuses on collapsing nested structures into either tuples or

collections. Tuples bound the set of allowed fields (resp., positions) and allow each
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field to have distinct types, creating a more precise schema when the set of fields
is stable. Collections do not restrict which fields are allowed and use a single joint
schema across all fields, creating a more compact schema when fields share a common
type. A compatible heuristic needs to chose between these two strategies.
Concretely SCHEMADRILL expects this heuristic to be implemented as a process
that takes the full collection of JSON types as input and produces a set of paths that

should be interpreted as collections.

Multi-Entity Collections. We refer to each ObjectTuple or ArrayTuple el-
ement in a schema as an entity. Prior work considers two extremes when deciding
how to extrapolate entities from collections of types. Reducing all input types to a
single entity (as in K-reduction) with multiple optional fields, creates a high-recall,
low-precision schema. Conversely, constructing one entity with no optional fields for
each input type (as in L-reduction) creates a high-precision, low-recall schema. A
compatible heuristic needs to select a point on the continuum between these two
extremes.

Concretely, SCHEMADRILL expects this heuristic to be implemented as a process
that takes a bag of tuple-like types as input and outputs a deterministic algorithm

for partitioning these input types by entity.

4.5 Detecting Collections

JSON objects and arrays can both encode nested collections or nested tuple-
like structures. This section describes a default heuristic for SCHEMADRILL that

distinguishes between these cases. We initially target object-kinded types as inputs,
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before generalizing to arrays below.

{k1,1:71,17"'7k1,M1 - T1,M, }7 ey

{kna:imna, - kNy C TN My )

The goal is to mark the objects as (a) collection-like (i.e., ObjectCollection), or (b)
tuple-like (i.e., ObjectTuple). SCHEMADRILL’s default heuristic makes this decision
relying on a simple observation: In a collection, keys are more likely to vary than in

a tuple, while nested types are likely to be more self-consistent.

4.5.1 Key-Space Entropy

Variation between the key sets (i.e., keys(7)) of the input objects can be explained
in two ways. If we believe that the input objects are tuple-like, keys that only appear
in some objects are optional. Conversely, if we believe that the input objects are
collection-like, variation is normal, as each collection maps a different set of keys. We
would expect less variation in the former case, as any mandatory fields will be present
in all tuples, and the number of fields of a tuple (dozens) is, in our experimental data,
smaller than the domain of collections (hundreds or thousands). Thus, we expect
the distribution of keys in tuple-like objects to be more limited. We quantify this
variation through the corresponding entropy measure:

{ilieN]je M kij=Fk}|
N

EK:—ZPklong Pk:
k

For each key, SCHEMADRILL computes the probability that an object selected uni-

formly at random contains the key (P;). The resulting Key-Space entropy (Ec) is a
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Figure 4.4: Yelp nested collection key-space entropy
numerical value that captures variation in keys across the input objects, with higher

values marking the objects as more collection-like.

Example 16 Consider the two records of Figure[{.1 The ts and event keys appear
in both records (e.g., Pys = 1) and have an entropy of 0 (= —1log1). The user and
files keys each appear in one record (e.g., Pyser = 0.5) and have entropies of 0.35
(= —%log %) Combined, the total Key-Space entropy of the records is Ex = 0.70

(=2-042-0.35).

4.5.2 The Similar Types Constraint

As variation increases between the field types of an object, the resulting collection-

like schema becomes both less precise and less concise. This suggests that we would
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like an entropy measure similar to key-space entropy for types, with a higher “type
entropy” marking objects as more tuple-like. However, with optional fields and mul-
tiple levels of collection nesting, the number of distinct nested types grows exponen-
tially and computing a type entropy score becomes prohibitively expensive. Instead,

SCHEMADRILL adopts a constraint based on the following type similarity rule:

4

true if 71 = null or 75 = null

>

MRT2=47 =" if kind(my) € { B,R,S }

Vi: 7.0~ 190 with i € keys(m) Nkeys(7z)

\

Nulls are similar to anything, while primitive types are similar only to themselves and
null. Like-kinded complex types are similar if nested elements at matching keys or
positions are also similar. For a collection of objects to be collection-like, we require
pairwise similarity for all objects in the collection. Similarity is not transitive: two
objects with a dissimilar field can be similar to an object omitting this field. However,
similarity is subsumptive: If 77 &~ 75 and (77 UTy) & 73, then 79, 75 & 73. A linear scan
can accumulate a maximal object unioning all fields encountered, while checking for

similarity to this maximal object, and by extension its components.

4.5.3 Differentiating Tuples and Collections

The input objects are considered tuples if (i) two nested values have dissimilar
types, or (ii) the key-space entropy is below a threshold. Otherwise, the objects are

considered to be nested collections. This process is summarized in Algorithm

Selecting a Key-Space Entropy Threshold. While a threshold for marking a set
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Algorithm 5 Collection Detection Heuristic

In: R (a bag of object-kinded record types)
Out: A designation: Collection or Tuple

1: RecordCount = 0; KeyCount ={*:0}; & =& =0
2: for all 7 € R do

3 RecordCount += 1; KindCount = { *:0 }

4 for all key € keys(7) do

5: KeyCnt|key] += 1 ; KindCount[kind(7.key)] += 1
6 end for

7 for all (kind : count) € KindCount do

8 £r += oty log ()

9 end for

10: end for

11: if & > 0 then return Tuple

12: end if

13: for all (key : count) € KeyCount do

14: SIC += RecZESEZunt 1Og (Recgzzgzunt)

15: end for

16: if & <1 then return Tuple > Threshold value
17: else return Collection

18: end if
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of types as collection-like is required, we found that the precise value of this threshold
is relatively unimportant for two reasons: First, we found optional fields to be rare.
Second, Figure 4.4] shows the distribution of Key-Space entropy in the Yelp dataset
introduced in Section 4.7} Each point is one complex-kinded path with self-similar
nested elements. Note the multi-modal distribution: Nearly all potential collections
have a near-zero, or a very high entropy. Other datasets were similar. This suggests
that the heuristic’s reliability is minimally sensitive to the precise threshold selected.

Our experiments arbitrarily use a threshold of 1.

4.5.4 Entropy For Arrays

Like JSON objects, arrays allow nesting. Although used almost exclusively to
represent nested collections, specific use-cases treat arrays more like tuples. For ex-
ample, the Twitter API encodes coordinates as 2-element arrays (i.e., latitude and
longitude with type [ R,R |), while other applications encode rows of a CSV file as
fixed-width arrays [64]. The problem of distinguishing collection-like and tuple-like
arrays is analogous to objects. The type constraint maps naturally to arrays, while
key-space entropy is computed from the distribution of array lengths P, rather than
the set of keys.

{ilie[N],t= M}
N

Ex=-Y PlogP, Pr=
4
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4.6 Multi-Entity Collections

The GitHub events protocol defines 49 event schemas on a human-curated doc-
umentation pageE]. By contrast, existing schema discovery produces one big schema
with fields from all events. Nearly every field is optional, making the schema impre-
cise. Our aim is to recover a set of core entities with distinct schemas. We characterize
entity discovery as follows: Assume some “ground-truth” JSON schema Sg that is a
union of K ObjectTuple elements (K > 0). We are given sets of keys (i.e., key sets)
of N object-kinded records sampled from these entities, with the obvious extension

to arrays.

{kl,h"'akl,Ml}u ceey {kN,h"'ka,MN}

The entity discovery problem is to find approximately K schemas & that union to

replicate Sg as closely as possible.

4.6.1 Entity Discovery

The primary challenge of entity discovery arises from a single source: A field
present in only one of two training objects could be interpreted as (i) an optional

field of a single entity, or (ii) a distinguishing feature separating two distinct entities.

2A limitation of manual schema curation: At time of writing, this page was out of date.
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Example 17 Both of these schemas admit every record in Figure[{.1]

S = { {ts:R,event:S ,user:{...}},
{ ts:R,event : S, files:[S]} }

Sy = {{ts:R event:Suser’ : { ...}, files':[S]}}

S encodes two distinct entities (one for each event type), while Sy uses a single entity

with optional fields.

At one extreme L-reduction considers each record to be a distinct entity (i.e., K =
N, modulo duplicates). This approach is not only verbose, but does not generalize
beyond the specific schemas in the training data. Taking the latter approach as a
default we can assume that all training objects are a single entity (i.e., K = 1).
This solution is concise, but over-generalizes, admitting many more types than the
original schema would. Our challenge is to balance between these two extremes (i.e.,
1<K <N).

A natural solution is clustering similar records together through a classical algo-
rithm like k-means. However, classical clustering presents two challenges. First, K
may not be known ahead of time. Even if K is known, a more subtle issue arises
when the entities of Sg have different numbers of attributes. This asymmetry poses
a problem for classic measures of similarity where each field is weighted equally (e.g.,

the Jaccard index between key-sets).

Example 18 For example, the Yelp photos table has 4 mandatory fields, while the
business table has 20, most of which are optional. Both photos and business

share exactly one mandatory field: business_id. While a business record missing
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17 optional fields shares only 1 field in common with a photos record. Between them
there are 6 distinct fields (1 shared, 3 photo-only, 2 business-only). Thus, the Jaccard
index considers this buisness more similar to a photo (% = 0.167) than to a business

with all 20 attributes (o5 = 0.15).

Bi-Clustering. Ideally, we could derive a distance measure that accounts for entity
size, for example by reducing the weights of features in large entities. However to do
this, we need to know the entities, which rather defeats the purpose. Thus, entity
detection is an example of a bi-clustering problem [74], a problem where we need to
simultaneously group records by feature co-occurrence, while also grouping features

by co-appearance in records.

4.6.2 Bimax

SCHEMADRILL adopts a simple, yet surprisingly robust and commonly used bi-
clustering technique called Bimax [72]. Originally targeted at gene expression anal-
ysis, Bimax eschews distance measures in favor of a simpler greedy subset/superset
clustering strategy. Algorithm [6] summarizes the original Bimax algorithm, which
greedily selects the largest key set (kpae; line 4) and partitions the remaining records
into three groups: (i) strict subsets of kpae (Ksup), (ii) key-sets overlapping with &y
(Kovertap), and (iii) key-sets disjoint with ke (Kaisjoint).  Preserving the original
order within each partition, partitions are rearranged as Kgup, Kovertap, Kdisjoint; and
the algorithm iteratively sorts the latter two. Although we omit field order here, it is
sorted analogously.

The resulting sort order places subsets (KCgy) closest, partially overlapping sets

(Kovertap) slightly further away, and fully disjoint subsets (KCgisjoint) furthest away.
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Algorithm 6 Bimax

In: K: a list of sets of keys.
Out: K re-ordered with similar key-sets nearby.
1: Sort K in descending order of key-set size.

2: 141

3: while ¢ < |K| do

4: Kmaz ]CH

5 K e Kl i<i <Kl

6: sub_{ | k C maxakelcz}

T Kdzsgom { k ‘ kN kmax - @, ke ICl }

8: K:overlap IC ’Csub - ]Cdisjoint

9: Sort ’C[ L |ICH on ’Csub < ,Coverlap < ’Cdisjoint

> Preserve existing order within each set
10: i i+ | Kl
11: end while

Algorithm 7 Bimax-Naive

In: IC: an ordered list of key-sets.

Out: K, uive: A set of key-set clusters.
1: Sort K in descending order of key-set size.
2: 141
3: while i < |K| do

4: Repeat Bimax lines 4-10.

5 Add the cluster K. to Kpive

6: end while

The Bimax algorithm has several compelling advantages. First, subset relationships
are independent of the size of each entity, mitigating the entity size skew problem.
Second, the algorithm does not need to know the number of entities upfront, as it
simply sorts records to put more similar records closer to one another. However, as
we need the results clustered into entities, Bimax can not be applied directly. A naive
Bimax-inspired clustering algorithm (Algorithm [7)) builds entities out of the gy sets
constructed by the Bimax function, returning every such set as one cluster.

Unfortunately, this naive algorithm has a limitation: optional fields. Each cluster
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is seeded from a maximal record (of which every record in the cluster must be a
subset), which becomes less likely to appear in the input data as more optional fields

appear.

Example 19 Consider an entity with N optional fields, each independently present
in any individual record with probability p. To have even a 50% chance of seeing a
mazimal record requires (%)N example records. For example, with 10 optional fields,
each with appearing with probability 0.1, we would need to see (in expectation) 10

trillion records to see a maximal record.

4.6.3 Greedy Merge

To avoid this blowup in the number of records required, we need a way to co-
alesce clusters together. Simply linking entities that share keys is insufficient, as
a small number of fields (e.g., foreign keys) may be shared by multiple entities.
SCHEMADRILL adopts a simple greedy heuristic summarized in Algorithm [§

Proceeding in reverse insertion order (i.e., smallest-first), the algorithm iteratively
selects candidate entities K g, each with maximal element k.4,q. The algorithm then
attempts to find a minimal set-cover for the maximal element among the maximal
elements of the remaining entities (line 4). If such a cover exists, the algorithm
removes the covering entities from further consideration (line 6), adds them to the
candidate entity (line 7), synthesizes a new maximal element for the resulting set
(line 8), and attempts to repeat the process. If no cover exists, the algorithm emits

the current entity (line 10) and continues with the next candidate.

Example 20 Consider j entities discovered by Bimax-Naive over keys A, B,C, D, F,
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Algorithm 8 GreedyMerge

In: K, 4ve: The output of Bimax-Naive.
Out: K,crge: A list of merged key-set clusters.

1: for K una € Kaive dO > In reverse order of insertion
2: keana < the maximal element of K 4,4

3: loop

4: Find minimal Kepper € (Knaive — { Keana }) s.t.

kcand g Uk‘eK;KEKcove'r‘ k

5: if K . per exists then

6: ’Cnaive — lCnaive - ICcover

T Kcand A Kcand U (U Kcover)

8: kcand < keandU every new key in Keoper
9: else break

10: end if

11: end loop

12: Add Kpna 1o Kpnerge

13: end for

with maximal elements:

ICnaive = {El:{AaBaE} EQ:{Bac7E} EB:{07D7E} E4{B7D}}

The algorithm begins with the final (and smallest) entity E,. The union of the max-
1mal elements of Fy and E5 is a superset of Ey’s mazximal element, so GreedyMerge
links all three into a new candidate entity with (synthesized) maximal element { B, C, D, E'}
and removes Ey and Es from further consideration. The only remaining entity, Eq,
can not form a set cover over the joint { Ey, E3, Ey } entity. The final result is thus

two entities: Ey and the merged { Fs, E3, Ey } entity.

As an alternative view of GreedyMerge, consider an undirected graph with one
node for each entity emitted by Bimax-Naive and one edge for every pair of nodes

that share a field. Intuitively, optional fields manifest in this graph as regions of
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Figure 4.5: Memory comparison: Yelp

densely interconnected nodes. GreedyMerge collapses dense regions by iteratively
identifying cycles and collapsing each into a single node. The critical feature of the
algorithm is the order in which cycles are collapsed: in reverse order of discovery
by the Bimax algorithm. This (i) ensures that entities are linked together with
more similar nodes, since the Bimax order places similar entities together; and (ii)

prioritizes merges of smaller entities.

4.6.4 Implementation

This entity discovery process needs to be run once on each tuple-typed path ap-
pearing in the schema. Because Algorithm [7] requires multiple passes over the data,
a preprocessing step first compacts the dataset into a feature vector encoding that

encodes the set of paths appearing in each record. Feature vector storage is flexible:
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Sparse feature vectors require less computation and combine operations from Spark.
Dense feature vectors can be faster and reduce memory overhead for JSON with many
mandatory fields. SCHEMADRILL defaults to a sparse encoding.

The preprocessing step iterates over each record. For the root collection, it con-
structs a feature vector consisting of all paths in the record. For all other object-
kinded collections, it unnests the collected objects and constructs feature vectors for
the paths below each. The final result of the preprocessing step is a set of feature
vectors for each object-kinded collection discovered in step 1.

We observe that nested collections significantly increase the number of distinct
feature vectors in each of their parents. As a further optimization, we modified the
preprocessing step to retain only paths contained in an outer collection, but not in
any collection nested within. Figure illustrates the memory savings of removing
nested collection features in the Yelp Dataset (see Section [4.7), while in the the
Pharmaceutical dataset (also see Section nearly all structural complexity arises
from the nested collection, and this optimization reduces memory requirements to
nearly nothing. Algorithms [7] and [§] output a set of feature-vector sets that can be

used to partition input types by entity.

4.7 Schema Generation

We now evaluate SCHEMADRILL against the K-reduction schema discovery algo-
rithm proposed by Baazizi et. al. [10,/12]. We chose K-reduction, because it is a close
analog to industry standard techniques for schema discovery like Spark’s JSON data
source and Oracle’s JSON Data Guides.
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Our primary interest is in the utility of schemas extracted by each system for data
validation: (i) How well the discovered schema generalizes beyond the example data
from which it was derived (i.e., recall), and (ii) How few types the discovered schema
admits (a proxy for precision, in lieu of ground truth). As a secondary concern,
we are also interested in the runtime overheads of the (admittedly more complex)
SCHEMADRILL schema discovery process. Concretely, our experiments validate the

following claims:

(i) SCHEMADRILL produces schemas that are significantly more precise (i.e., admit

fewer types) than K-reduction, ...
(ii) ...while not incorrectly rejecting types that are legitimately part of the schema,

(iii) A clustering strategy based on Bimax bi-clustering is preferable to a standard

technique like k-means,

(iv) The merge step described in Section [4.6|is critical for creating compact schemas,

and

(v) The overhead of the additional steps required by SCHEMADRILL is not pro-

hibitive.

Experiments were run over twelve real-world datasets, and one synthetic dataset:
(i) A 3 million record sample of the GitHub event stream [38] collected over a period
of 330 days, (ii) a 240,000 record open dataset of per-doctor Pharmaceutical pre-
scription statistics [73], (iii) 800,000 Twitter tweets, (iv) 150,000 events taken from a

Matrix Synapse server [60], (v) an archived list of New York Times (NYT) articles
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from 2019, (vi) a JSON dump from Wikidata of 1.7 million Wikipedia articles, (vii-
xii) and the six individual schemas of the 7.5 million record Yelp Open Dataset [90].
For each dataset, we test on a 1%-, 10%-, 50%-, and 90%-uniform random sample of
the data. We reserve 10% of the data as a testing set.

We compare four algorithms: (i) K-reduce: Baazizi et. al.’s K-reduction, repre-
senting the state-of-the-art in schema extraction, (ii) Bimax Naive: A single pass
of SCHEMADRILL (Algorithm [4]) with the naive adaptation of Bimax (Algorithm [7)),
(iii) Bimax-Merge: A single pass of SCHEMADRILL with the Bimax Merge algo-
rithm (Algorithm [§)), and (iv) L-reduce: Baazizi et. al.’s L-reduction, a trivial
schema extractor that accepts only exact types encountered in the input.

The GitHub dataset has a large number of entities of wildly varying sizeﬂ, and
its complex nesting structure creates extremely high memory requirements from both
extractors. The Pharmaceutical dataset is the smallest, but also contains a collection-
like object with 2397 distinct keys. This results in the largest number of distinct types
across all of our datasets; Nearly every record has a unique type. Our Twitter dataset
is a collection of 800 thousand tweet objects, containing the recursive schemas for
retweets, deleted tweets, and quoted tweets, as well as a multitude of object arrays,
and geo type tuple arrays. NYT contains all 70 thousand 2019 articles archived by
the New York Timesﬁ Wikidata is a dump of 1.7 million Wikipedia articles. These
records closely resemble HTML and XML, with large and deeply nested arrays of
objects. Additionally each Wikidata entity participates in their “Linked Data Inter-

face” [94], where each entity attribute is represented as an integer key for reference

3The official documentation describes 49 event types, of which our trace contains 10, due to some
events being used internally (which is unlisted) or exceedingly rare

4NYT is provided as the payload of a small number of JSON records, each nested in a JSON
array. Our experiments combine the array contents into one root collection.
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linking. Finally, the Synapse dataset is the events table from a multi-year deploy-
ment of the Matrix Synapse open source chat server [60]. Matrix follows a complex
state management protocol and this table is an immutable history of all state update
events, including what appear to be 36 revisions to the protocol’s JSON schema over
the deployment period. The Yelp Business dataset makes extensive use of optional
fields, nested collections, and soft functional dependency relationships, such as hair
salon attributes having extremely high positive correlation with the by_appointment
attribute. Additionally, Yelp’s checkin table contains a multiply nested collection of
checkins per hour of the week, with an outer object containing keys for each day of
the week and inner objects containing keys for each hour of the day. Leaf values
contain checkin counts, and hours or days with no checkins are omitted. This is
analogous to a pivot table with two indexes: day and hour, with checkins as a value.
This high variability poses a significant challenge while attempting to use common
clustering algorithms, and motivated our use of Bimax. Finally, we create a synthetic
Yelp-Merged dataset by combining the six schemas of the Yelp open dataset. This
is a useful test of the BiMax-Merge algorithm, as (i) its 6 tables give us a well-defined
ground truth for entity clustering, (ii) it contains attributes with common name col-
lisions such as “name” that are not intended to be shared between tables, and (iii)
all entities can be joined through three foreign key fields, none of which appear in all
entities.

All experiments were run using Apache Spark 2.3.4 and Scala version 2.11.8. Run-
time testing was performed on 4x20-core 2.40-GHz Intel Xeon E7 processors with 1
TB of RAM and running on CentOS-7 linux. All results shown are the result of 5 tri-

als with training/testing data uniformly sampled from the source data for each trial.
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To evaluate IC-reduce, we obtained a binary (JAR) implementation of K-reduction
from Baazizi et. al. Results shown are for this implementation with the following two
caveats. First, during experimentation, we observed that schemas from the binary
release diverged from the reference paper [10], producing schemas with some redun-
dant union types. To ensure a fair performance/validation comparison, we added a
post-processing step to reduce redundancy in several generated schemas. Second, the
binary release of IC-reduction timed out while processing the Pharmaceutical dataset;
we omit performance numbers and evaluate recall and schema entropy on an equiva-

lent, manually derived schema.

4.7.1 Recall

We evaluate claim by reserving a uniform 10% sample of the data as a test-
ing set, and generate schemas from 1%-, 10%-, 50%-, and 90%- uniformly sampled
subsets of each dataset. Table shows the fraction of the records in the testing set
accepted by the generated schema. The table omits datasets where SCHEMADRILL
and KC-reduction both produce perfect schemas with a 1% sample. On the remaining
datsets, even with only a 1% training set, schemas generated by SCHEMADRILL ac-
cept nearly every row from the testing set. False negatives in the 1% test result are
almost exclusively optional attributes that (i) do not appear in the training set, or (ii)
are present by chance in every record of the training set making them (falsely) appear
to be mandatory. By a 10% sample the overwhelming majority of exceptions are ac-
counted for in the generated schema. We note two particular outliers: SCHEMADRILL
has better recall on both the Pharmaceutical and Synapse datasets, particularly with
smaller sample sizes. As noted above, the Pharmaceutical dataset is dominated by a

large collection-like object mapping medications to prescription counts. Even on the
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1% sample, SCHEMADRILL correctly identifies this as a collection, which in turn al-
lows it to generalize the schema to drugs not in the 1% sample. The Synapse dataset
illustrates a similar problem, as many event records contain a signatures field of the

following form:
"signatures": { <url>: { <key>: <signature> }}

As with the Pharmaceutical dataset, SCHEMADRILL correctly identifies this struc-
ture as a two-level nested collection, allowing it to generalize to servers and keys not

present in the sample.

4.7.2 Schema Entropy

In lieu of ground truth, we support claim by measuring how restrictive the
generated schema is. Specifically: our next experiment measures the number of pos-
sible types admitted by the output schema, a measure we refer to as schema entropy.
Schema entropy is computed by treating each optional path as a binary decision,
taking into account mandatory and locally mandatory paths. For collections (i.e.,
{*— 7} or [7]") we range over the active domain of the matched object, or over
arrays of length up to the longest present in the data. Additionally, typing and no-
tation are held consistent between implementations. Intuitively, given a high Recall,
accepting fewer types indicates a more precise schema.

The results for each dataset are illustrated in Table 4.2} We test schemas generated
from 1%-, 10%-, 50%-, and 90%- uniform samples taken from each dataset. Datasets
with single-type schemas are omitted. We include £-reduce — the number of distinct
types in the training set — as a lower bound. SCHEMADRILL’s tighter schemas are

largely due to partitioning entities. In the Yelp and GitHub datsets especially, mixed
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KC-reduce Bimax-Merge Bimax-Naive L-reduce

Dataset mean std mean std mean std mean | std

1% 21.21 0.71 14.70 1.02 14.70 1.02 | 8.67 | 0.06

H 10% | 21.13 0.00 17.94 0.00 18.05 0.27 | 10.56 | 0.00
; 50% | 23.00 0.93 18.74 0.40 18.59 0.17 | 11.58 | 0.01

90% | 23.46 0.00 18.94 0.00 18.67 0.00 | 11.82 | 0.00
o 1% 248.87 | 19.86 | 175.34 | 11.70 | 176.14 | 10.62 | 8.64 | 0.07
é 10% | 749.22 | 21.56 | 656.24 | 49.99 | 662.60 | 40.62 | 10.80 | 0.01
£ 50% | 1598.62 | 10.01 | 1459.84 | 54.93 | 1490.40 | 8.89 | 12.40 | 0.00
T 90% | 1974.35 | 16.14 | 1799.32 | 87.59 | 1848.00 | 16.65 | 12.99 | 0.00
. 1% 279.63 | 2.64 | 147.01 | 23.82 | 96.21 5.00 | 11.37 | 0.01
£ 10% | 496.26 | 3.99 166.90 | 23.96 | 130.91 6.57 | 13.97 | 0.01
‘E 50% | 518.06 | 5.13 | 212.72 | 22.07 | 154.81 1.47 | 15.67 | 0.00
= 90% | 526.95 1.28 | 235.14 | 10.74 | 156.01 | 0.00 | 16.27 | 0.00
- 1% 85.78 0.63 25.88 0.11 25.84 0.15 | 10.48 | 0.02
E 10% | 92.24 0.98 28.62 0.88 | 153.87 | 1.79 | 12.38 | 0.00
-5 50% | 93.72 0.80 29.42 0.53 | 155.48 1.07 | 13.60 | 0.00

90% 94.12 0.00 29.69 0.00 156.02 | 0.00 | 14.01 | 0.00

1% 1199.20 | 8.28 | 1199.20 | 8.28 | 1199.20 | 8.28 | 10.86 | 0.03
10% | 1801.80 | 15.74 | 1801.80 | 15.74 | 1801.80 | 15.74 | 14.03 | 0.01
50% | 2223.60 | 13.60 | 2223.60 | 13.60 | 2223.60 | 13.60 | 16.28 | 0.00
90% | 2369.20 | 3.31 | 2369.20 | 3.31 | 2369.20 | 3.31 | 17.11 | 0.00

1% | 2575.55 | 71.57 | 1506.07 | 62.84 | 1220.65 | 28.06 | T T
10% | 4131.32 | 70.77 | 2214.03 | 97.14 t t t t
50% | 5969.92 | 48.10 | 4334.19 | 96.76 t t t t
90% | 6890.20 | 27.73 | 5037.16 | 65.12 t t } t

1% 268.80 | 0.75 175.00 | 0.00 | 175.00 | 0.00 | 11.62 | 0.03
10% | 269.80 | 0.40 175.00 | 0.00 175.00 | 0.00 | 14.39 | 0.01
50% | 270.47 | 0.57 | 175.00 | 0.00 | 175.00 | 0.00 | 16.42 | 0.00
90% | 271.17 | 0.00 175.00 | 0.00 | 175.00 | 0.00 | 17.18 | 0.00

1% 50.40 1.36 44.62 2.80 38.62 0.49 9.92 | 0.03
10% 52.20 0.98 47.21 2.04 39.89 3.17 | 12.49 | 0.01
50% 54.00 0.00 49.88 2.62 46.01 0.00 | 14.27 | 0.01
90% 53.60 0.80 49.61 0.80 45.61 0.80 | 14.91 | 0.00

Yelp-Busine¥plp-Merged| WikiData | Pharma

Table 4.2: Schema Entropy: The number (log 2) of types accepted by the
generated schema (f ran out of resources).
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Yelp
Schema | Bus | Ckn | Pho | Rev | Tip | Usr
K-reduce | 197 | 132 | 297 | 292 | 296 | 277
Bimazx-Merge 0 0 0 0 0 0
k-means 0 0 106 | 109 | 107 | 124

Github
Schema | Com | Cre | Del | For | Gol | IsC | Iss | Mem | Pub | Pul | PRR | Psh | Rel | Wat
K-reduce | 798 | 825 | 827 | 732 | 823 | 675 | 709 | 810 | 830 | 383 | 370 | 815 | 760 | 829
Bimazx-Merge 0 0 2 0 0 0 34 0 5 0 0 0 0 6
k-means | 127 | 126 | 124 | 115 | 128 4 0 139 121 0 1 136 | 143 | 120

Table 4.3: Minimum symmetric difference from ground-truth schema (lower
is better)

entity types pose a challenge for K-reduce, which emits only +a single entity with
many optional fields. Conversely, SCHEMADRILL detects the entities correctly and
partitions schemas, greatly reducing the number of admitted types. This detection
is challenging on the merged Yelp dataset, where foreign keys like business_id and
user_id are shared across entities. On datasets with one underlying schema and no
functional dependencies like Yelp Photos, our output schema is identical to IC-reduce.
Finally, note that schema entropy is stable across sample sizes: Even with only 10%
of each dataset, both generators produce virtually the same schema that would be

generated from the full dataset.

4.7.3 Entity Detection

Clustering Accuracy. We evaluate claim based on the two datasets (Yelp-
Merged and GitHub) for which ground truth information for entities is available
or inferrable. The synthetic Yelp-Merged has ground-truth by definition, while
the GitHub event trace includes a “type” attribute with 14 distinct types that we
use as a ground truth. Concretely, we compare Bimax-Merge against K-reduce,

and clustering using k-means. For k-means, we used the ground-truth value of &
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L-reduce Bimax-Naive | Bimax-Merge
Dataset mean std | mean | std | mean std
Twitter | 79191.0 | 73.7 | 72.8 1.6 8.4 1.6
NYT | 3627.0 | 12.0| 5.0 0.0 1.0 0.0
Synapse | 8127.0 | 14.3 | 97.0 2.6 35.0 1.9
Github | 16533.7 | 16.8 | 10.0 0.0 10.0 0.0
Pharma | 141177.0 | 61.9 | 1.0 0.0 1.0 0.0
Wikidata 1 1 1 T 31.0 13.4
Yelp-Merged | 148242.0 | 44.6 | 40.8 4.1 8.0 1.3
Yelp-Business | 30809.0 | 56.5 | 33.2 1.2 2.6 0.8
Yelp-Checkin | 108229.0 | 51.6 | 1.0 0.0 1.0 0.0
Yelp-Photos 1.0 0.0 1.0 0.0 1.0 0.0
Yelp-Review 1.0 0.0 1.0 0.0 1.0 0.0
Yelp-Tip 1.0 0.0 1.0 0.0 1.0 0.0
Yelp-User | 9142.0 | 17.0 1.0 0.0 1.0 0.0

Table 4.4: Entity predictions with 90% training data ({ £-reduce and Bimax-
Naive ran out of resources on Wikidata)

(which would not be available in practice) and FEuclidean distance. We compute the
symmetric set difference for each pair (S;,G;) where each S; is the schema derived
for one cluster, and each G; is the schema for one ground-truth entity: D(S;,G;) =
|S; — G;| + |Gi,S;|. Note that K-reduce does not perform entity detection and so
produces only one cluster.

Table[d.3|reports, for each ground-truth entity, the difference from the most similar
cluster (i.e., the cluster that corresponds to the ground truth entity). Smaller values
are better. Observe that for k-means, only a handful of entities do very well: this
clustering algorithm tends to create multiple clusters for entities with many attributes,
while starving smaller ones (even with an ideal k value). As expected, K-reduce over-
describes each entity, while not describing any single entity well. Bimax-Merge has
a near perfect description of every individual entity; A few minor errors arise in the

four GitHub entities who’s fields are a subset of another entity.
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Conciseness. Table[f.4]illustrates the effectiveness of the BiMax-Merge optimiza-
tion of the BiMax-Naive algorithm (Algorithms andin Section , respectively).
The table supports claim by comparing the number of output entities identified
by both the optimized and unoptimized algorithms. For the purposes of this ex-
periment, we disable nested collection detection for the Pharmaceutical dataset and
consider only entities at the root level of the GitHub and Yelp datasets (ignoring
nested collections). The merge heuristic has minimal impact while selecting entities
for the GitHub schema, but significantly reduces entities in both Yelp-Merged and
Pharmaceutical datasets due to optional fields. GitHub entities have few optional
fields. Conversely many fields in the Yelp dataset are optional, as are the fields of
the pharmaceutical dataset with collection detection disabled. For an entity with
optional fields, the BiMax-Naive algorithm needs to see at least one object with all
optional fields present; BiMax-Merge lifts this requirement. There is a small error
that arises on the Yelp dataset due to a soft functional dependency that is so rarely
violated it is possible to miss even when training on 90% of the data. As a result,
SCHEMADRILL identified multiple entities in Yelp’s business fields, separating out
hair salons, which nearly always have, and are nearly always indicated by the presence

of a by_appointment field.

4.7.4 Runtime

Finally we evaluate claim by comparing the runtime of SCHEMADRILL against
that of IC-reduce. We omit the Pharmaceutical dataset runtime where the official
binary implementation times out, as previously noted. In general, SCHEMADRILL

needs to do more work to create a more precise schema, so we do not expect it to
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1% 10% 50% 90%
Dataset | K-reduce | Bimaz-Merge | K-reduce | Bimaxz-Merge | K-reduce | Bimax-Merge | K-reduce | Bimaz-Merge
NYT 3355.2 5285.4 3445.4 6939.2 4102.6 10657.6 4710.0 14214.2
Synapse 3325.6 5568.0 1823.0 8900.8 2848.4 12715.4 3867.0 20233.6
Github 17881.0 77995.2 24022.6 278932.4 37990.0 703276.8 49191.2 931849.2
Twitter 11758.6 41710.8 16111.6 195733.2 19719.8 429832.4 17604.6 550703.6
Pharma T 5816.2 t 8811.2 t 18901.0 t 29389.0
WikiData 24585.8 110090.4 62286.0 300846.6 213958.2 827083.8 422793.8 1379410.2
Yelp-Business 3485.8 6301.2 2022.2 9560.8 3309.0 19680.0 4732.8 27386.6
Yelp-Checkin 3682.6 5156.4 2777.4 7695.2 7395.8 14267.0 13234.8 20631.0
Yelp-Photos 3138.2 4338.8 1253.0 4742.4 1500.8 6222.2 1776.2 7703.8
Yelp-Review 8658.8 14789.4 9306.0 17630.8 15118.2 32696.8 21976.6 49642.4
Yelp-Tip 3497.2 4793.2 1835.2 5789.4 2518.6 9589.2 3225.4 13899.4
Yelp-User 6482.0 14355.4 5421.6 20480.8 7612.6 34600.2 10590.4 51143.2
Yelp-Merged 10179.0 22177.8 14475.4 36418.8 28217.6 92197.8 44950.8 141905.0

Table 4.5: Runtime (milliseconds) by discovery algorithm and training set
size. (f: K-reduce times out on the Pharma dataset)

outperform K-reduce; We aim here simply to assess the added overhead. Table
shows schema discovery performance, varying the proportion of each dataset used in
order to generate the schema to show scaling behavior. Performance scales linearly
for both extractors. SCHEMADRILL for all tests was not using entropy approximation
and thus required a full second pass over the dataset, which we see reflected in the
runtimes of Yelp, Synapse, and NYT, being approximately 2-3 times slower. We
observe that SCHEMADRILL has a particularly hard time with more complicated
datasets (e.g. Twitter, Github). This is the result of large, nested object arrays that
need to be decoded, stored, and pivoted for recursive entity extraction, something
KC-reduce does not attempt. However, the value of this overhead is especially clear in

the NYT data set, as SCHEMADRILL picks-out complex nested structures.

4.7.5 Results

Table illustrates the potential data intricacies lost from a merge all strategy
like IC-reduce. Between over generalization and over specificity, generalization is the

only realistic option, as demonstrated in Table through L-reduce’s unusably low
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validation scores. We demonstrate Bimax-Naive as a realistic middle ground, based
on these two metrics. However, when considering human-schema-interaction we need
to limit the number of user-facing schema choices. Table makes clear the im-
portance of the Bimax merge heuristic for creating compact, descriptive schemas.

SCHEMADRILL produces goldilocks schemas with the benefit of both extractor im-
plementations proposed in related work [10,|12]. Lastly, although SCHEMADRILL is
slower than K-reduce, the amount of data required to create high-precision, high-

recall schemas is not large — at most 10% of the original data in our experiments.

Row rejection was overwhelmingly due to missing attributes for both K-reduce
and Bimax-Merge algorithms. We devised a greedy algorithm to obtain an upper
bound of the number of schema edits needed to achieve 100% recall across one or
more entities. Using 1% training data, we find that both algorithms produce schemas
that require relatively few manual edits to achieve perfect recall for simpler datasets,
typicaly on the order of tens of edits. More complex datasets require hundreds to
thousands of edits for both K-reduce and Bimax-Merge: Bimax-Merge does better
on datsets with collection-like objects (e.g., Synapse and Pharma), where K-reduce
struggles with new keys. The reverse is true on datasets with rare, or rarely missing
attributes that appear in multiple entity types. For example, retweets and quoted
tweets share many fields — Bimax-Merge has to see one example of the attribute for
each entity, while C-reduce only needs one example outright. Thus, we assert that
the human intervention necessary to deal with false positives is no less feasible for
SCHEMADRILL over K-reduce in general, while by contrast, SCHEMADRILL produces

far fewer false negatives.
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4.8 Alternate Extraction Techniques and XML

Over the past two decades, there have been numerous attempts at structure de-
tection for semi-structured data. Each implementation aims at creating a summary
schema that is concise, descriptive, prescriptive, generalizable, and interpretable. The
closest work to ours is an algebraic exploration of scalable schema extraction by Baaz-
izi et. al. [10,|12]. They propose a grammar for concisely describing sets [12] and
bags [10] of JSON types (on which we base our grammar in Section [£.2)), and pro-
pose fusion operators that combine sentences in this grammar (i.e., schemas). The
primary contribution of this work is to address the issue of scalability by ensuring
that the merge operators are commutative and associative, admitting distributed ex-
ecution through typical fan-in aggregation (implemented in Spark). Frozza et. al.
also present a similar approach [37]. Unfortunately, requiring the merge operation to
be commutative and associative limits it to local-decision making: Schema proper-
ties like the number of entities (Section or whether an object encodes a tuple or
collection (Section dictate the behavior of the fusion operator, but can not be
inferred from just two types. Instead, the Baazizi algorithm asks users to completely
define the behavior of the merge operator in a data-independent way. SCHEMADRILL
can be viewed as an extension of the Baazizi algorithm that infers the “correct” merge
operator for each path in a pre-processing step.

Entity discovery has been explored extensively in hierarchical [15-17,30,39,44./62,
67,[79,181,89], graph [5], and object-exchange model (OEM) [39] data. XML schema
discovery in particular |15H17,|44}|62] has been explored extensively. However, so-
lutions in this space rely heavily on the contextual signal provided by node labels,

which are not available in JSON data. Additionally XML data models have no con-
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cept of arrays, relying on sibling nodes sharing a label. In practice this detection
can be very fragile, particularly when node identifiers are ambiguous. Overall XML
schemas impose a different set of data constraints than JSON. Notably, Bex et. al.
address ambiguous node identifiers in XML [16], a problem related to entity discovery
in SCHEMADRILL. Their approach relies on the node’s ancestors and predecessors to
disambiguate entity types, inferring a selector for each entity based on these factors,
rather than based on the entity’s attributes as in Bimax-Merge.

A range of machine-learning-based techniques have been proposed for discovering
such linkages [67)/79,8189]. However, as we discuss in Section , such approaches are
vulnerable to skew in entity size, and the inherent ambiguity of the entity discovery
problem. SCHEMADRILL adopts a more robust approach based subset relationships
and field overlap. We note one approach [5] in particular uses a clustering mechanism
similar to Bimax, but relies on information loss over data values rather than Bimax’s
use of field-set-containment. Data values make this approach more expressive, but
also limit its scalability. A related challenge that our approach does not (yet) address
is co-reference detection [82]: Identifying entities that appear at multiple paths (e.g.,
Twitter’s API can include user information for the user making a post, as well as any
users tagged in the post).

Alternative approaches to schema discovery rely on functional dependencies |30,
61},95] between nodes in graph [61], XML [95], or JSON [30] data. These techniques
attempt to discover functional dependencies [1] between fields (out-edges, children,
descendents); Each set of fields related by a functional dependency is treated as an

independent entityﬂ A key limitation in these approaches is that they still need to

5These approaches are, in effect, simply normalizing their inputs
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differentiate between tuple- and collection-like reference/nesting structures. Like the
extractor of Baazizi et. al., [30], each scheme makes upfront assumptions about which
structural elements (e.g., JSON arrays) encode collections. Adjacent recent work
has explored utilizing Human-in-the-Loop schema inference and parameterization [9,
11]. Our system offers improvements over this model by automating away many of
these decisions through alternate entropy and schema signals. These heuristics may
often be reliable, but present serious performance limitations on corner cases like the
pharmaceutical dataset or geographical coordinate arrays. A further limitation is that
these approaches are often designed to operate on flattened, relational representations
(with [95] a notable exception) of the complex structure. Existing nesting structures
are removed early, losing a significant source of signal about the intended schema
structure. However, functional-dependency-based approaches to schema discovery are
orthogonal to our own entity discovery strategies and can, in principle be integrated
into SCHEMADRILL.

Our work is partially motivated by ensuring up-to-date documentation for web
APIs. A related, orthogonal issue is querying out-of-date schemas. Snodgrass et. al.
propose “neighborhood queries” [76] to make XPath queries resilient to small schema
changes, while the Prism Workbench [27] encodes prior versions of a relational schema
as views. GraphQL [86] is increasingly being used as an API for access to structured
data resources, and addresses the same problem by allowing API consumers-specific
schemas defined as GraphQL queries. This approach still requires a stable schema for
graph entities, but does avoid schema changes made purely for optimization purposes

or to facilitate certain API requirements.
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Chapter 5

Tabular Layout

5.1 Partitioning

In many cases datasets contain natural boundaries by which data may be com-
partmentalized and later leveraged in queries. Time, location, identifiers, are natural
candidates for such an optimization. Example [21| shows a common date bound query
selecting all orders placed after a given date, selecting orders for the month of Jan-
uary. For this example we partitioned our data by month, Figure illustrates the
primary benefit of partitioning, enabling all other month partitions to be excluded.
Additionally, indexes within each partition become smaller and more efficient, im-
proving query performance and enabling our data to remain cached longer. Devising
an upfront partitioning scheme is critical to scaling query performance, and is a vital

yet often overlooked tool due to upfront intricacies.

Example 21 Date bound query, candidate for partition optimization.

01 | SELECT item_mo, item_desc, order_placed
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Orders Orders (Partitioned on order_placed)

item_no item_desc | order_placed item_no item_desc | order_placed

2021-01-01
2021-01-31
2021-02-01
2021-02-14
2021-02-07

2021-04-03
2021-04-10
2021-04-02

Figure 5.1: Data layout comparing Orders table with and without partitioning. Green
indicates data scanned in query example .

02 | FROM Orders
03 | WHERE order_placed >= '2021-01-01'

04 | AND order_placed < '2021-02-01'

5.2 RDBMS JSON Integration

Most major RDBMS support JSON as a first class data type, where each cell is
a JSON record [71]. This functionality provides a convenient mechanism for loading,
processing, and preparing JSON for storage. However, PostgreSQL for example re-
quires special built functions to interact with JSON data, which themselves are slow,
clunky, and dependent on specific designated formats. To make matters worse, index-
ing attributes proves to be a complex and nuanced process. Lastly, JSON data, even
as a native data type, is treated as a black box. Subsequent down stream operators

are unoptimized, with the potential for joins against JSON data to be sub-optimal.
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Fortunately, databases are excellent at optimizing tabular data, so by ditching the
JSON type and directly shredding our JSON data we can: (1) improve query per-
formance using less specialized indexes, (2) avoid JSON specific functions, and (3)

enable the optimizer to rewrite queries, greatly improving query performance.

5.2.1 Binary JSON

BSON is a binary encoding for JSON records |19], and is supported in Post-
greSQL, MongoDB, and most RDBMS. JSON stored as a native string requires every
query to be re-parsed, with BSON JSON is parsed once then efficiently traversed each
time after. While this format is preferable to the raw string alternative, it remains
a row level optimization, unable to gather table level statistics. Lacking table level
statistics makes enforcing types, optionality, and primary key constraints far more
complicated. Additional binary encodings have been proposed and used in prac-
tice [54], but ultimately are still opaque compared to tabular data and still require

specialized functions for access.

5.2.2 JSON Tables

Through the use of specialized functions, JSON can be projected into in-memory
tables. While this abstraction provides a powerful mechanism to project JSON data
into a more usable form. It still lacks table level statistics critical for efficient join and
read optimizations. Additionally, fetching deeply nested attributes requires multiple
lookups that are difficult to order or predict, even when using BSON. Instead of using
special JSON or BSON data types, we propose to first flatten our JSON records.

Storing data in a flat tabular format like any other table. This allows us to take full

101



advantage of decades worth of database optimizations regardless of JSON supported
features. As previously discussed in Chapter ] JSON records have many nuances,
like containing thousands of unique attributes, making direct import often impossible.
Our goal is to use the various techniques proposed in chapter [ to regularize our data,

making direct native import for JSON practical and efficient.

5.3 Sparse Columns

As discussed in Section frequently key-value stores will be embedded within
JSON records, what we refer to as collections. For example, in our pharmacy dataset
the proportion of nulls is over 98%, spread across thousands of keys, as depicted
in fig. [5.2] While certain cues may be taken from this distribution, in general this
key-value pattern would create hundreds to thousands of additional columns using a
direct import strategy. As in chapter [4, we will use our notion of key-space entropy

to detect these collections, and devise a more appropriate loading strategy.

5.3.1 Null Space

Calculating the impact of nulls on physical storage space is not straight forward.
In practice various database implementations apply on-disk optimizations such as
eliminating trailing nulls, storing nulls in bitmaps, etc. However, worst case each null
can add an additional byte of data, and considering a direct JSON to table mapping
can create thousands of sparse columns, this create a significant performance issue.
By normalizing collections detected by key-space entropy, we see in fig. that we

dramatically decrease the number of columns and nulls.
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Figure 5.2: Distribution of prescription key occurrences.

5.3.2 Pivot Tables

After reflecting on how data within collections is likely to be accessed, we made
the natural observation that a pivot table would be a great option for such same
typed key value attributes. This allows us to normalize our proportionally large
collections away from our core attributes, improving such queries. Additionally, pivot
tables are a frequently used concept beyond the area of databases, enabling easier
use by even beginners. Pivoting also allows for the potential use of more efficient
specialized compression algorithms. To create our pivot table we simply add a foreign
key between our core schema and the pivot, and create the pivot table such that it

has an id column, key column, and value column. Further, we can implement an
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Figure 5.3: Yelp attributes (left) and Pharma attributes (right) tabulated with and
without collections. White space is null.

Entity—attribute—value model to save space given certain key distributions. Finally,

this normalized form can be used by the optimizer to create more efficient joins in

complex queries.

Pharma_Core

data

{ npi:30, Advil:20, Motrin:57 }

{npi:7, Asprin:9 }

{ npi:22, Tylenol:10 }

Figure 5.4: Example pivot table transformation.

RowlD

Included collections

Artributes

No collections

Pharma_Core

Pharma_cms_pres_cnts

data id Id Key Value
{npi:30} 1 1 Advil 20
{npi:7} 2 1 Motrin 57
{npi:22} | 3 2 Asprin 9

5.3.3 Performance and Usability

Currently implemented, JSON functions are burdensome compared to the expres-
sive power of SQL. Example is a sample record from our Pharma dataset.

Of note is the outer attribute NPI mapping to a unique doctor identifier, and the
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collection of prescriptions as an embedded key-value store. Using our collection de-
tection method outlined in chapter [ we detect likely embedded key-value pairs,
choose an optimal pivoted layout, and rewrite incoming queries. Many popular
RDBMS support a JSON to in-memory table function, often named JSON_Table.
This is a powerful function enabling complex projection, and is our target compar-
ison operator to rewrite. Simply, by keeping track of which JSON paths we have
relationally shredded into a pivot, we check whether any projected attribute ap-
pears in the query. As depicted in fig. and fig. [5.4] we pre-pivoted attribute
cms_prescription_counts into three columns, foreign key, key, and value. When
rewriting, we preform a natural join between our main and foreign table, then add a
selection filter on the key column with the predicate being our target attribute value.
From cms_prescription_counts. our predicate is , so we select all keys. If of exam-
ple we were projecting cms_prescription_counts.acetaminophen, we would add clause
WHERE Pharma,cms,prescription,countsl.{ey = acetaminophen *. This sim-

ple rewrite allows us to covertly boost query performance, unbeknownst to the user.

Example 22 Sample JSON record from our Pharma dataset.

{"cms_prescription_counts":
{"DOXAZOSIN MESYLATE": 26,
"MIDODRINE HCL": 12, ... },

"Ilpi"ll }

Common queries a user may issue are, ”how many prescriptions did each provider
write”, “how my prescriptions of certain drugs”, etc. Example 23| reflects this sample
query using PostgreSQL’s JSON pivot function. This query requires a lateral join,

multiple casts, and does not handle recursive embeddings. Not only is this process
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Tnpi,

Tnpi, count(cms_pres_cnts.x)

count(cms_pres_cnts.*)

rewrite

)‘group by npi
)‘group by npi

T json_table(npi,

cms_pres_cnts.x) ‘

Pharma_Core Pharma_cms_pres_cnts

Pharma_BSON

Figure 5.5: Example pivot query rewrite.

tedious, verbose, and error prone, but has a significant performance draw back. Sec-
tion shows the performance of various aggregation and filter queries over our
pharmacy dataset using (1) native JSON format, (2) BSON format, and (3) a pre-
pivoted format detected by our entropy metric. Unsurprisingly, we find by detecting
this pattern and pre-pivoting and storing our data relationally. We gain a 5x to
10x performance improvement over BSON and JSON respectfully. Additionally, by
skipping otherwise required casts, and gaining other inherent performance benefits to
tabular storage. We see even queries targeting only specific drugs also gain a substan-
tial performance benefit. Thus, in the best case scenario we successfully predict the
way in which users will query their data. Gaining a substantial performance benefit,

and in the worst case we only double our query performance.

Example 23 PostgreSQL JSON pivot query.

01 | select (data->'npi')::text as npi, sum(value::text::int)
02 | from pharma_json, json_each(pharma_json.data->"'

cms_prescription_counts ')
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Format | Agg (mean) | Std | Select (mean) | Std

JSON | 21545 491.7 | 1934 218.2
BSON | 9273 31.4 | 1020 2.9
Pivot 1636 6.4 423 1.0

Table 5.1: Pharma dataset group by aggregate and selection query performance (ms).

03 | group by npt;

5.4 Predictive Partitioning

RDBMS partitioning is traditionally by column value, where every partition en-
forces the same schema. For example, Example utilizes the value in the or-
der_placed column for partition pruning. While this approach can generate huge
performance boosts, it caters to data already in relational format, and is best left as
an advanced optimization. However, instead of partitioning by column value, we can
partition by attribute occurrence. This allows us to give the illusion of one contiguous
data block, while achieving performance as if it was manually segmented. We can
then store in metadata whether columns in particular pages or files are present, al-
lowing us to skip portions of data where no column exists in the query. Pruning based
on metadata is deployed by various map-reduce systems, cloud based databases, and
by various research projects. Extending this optimization to heterogeneous data al-
lows us to create a dense representation of otherwise sparse data, taking advantage

of signals relayed through JSON attribute occurrence.
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5.4.1 Background

Schema generation utilizing values is too computationally and memory intensive
for most large real world datasets. These systems instead rely on sampling for larger
inputs, which has blatant issues when used for schema generation. Luckily, JSON
attribute occurrence provides useful insight into data generation and use cases, while
requiring a fraction of the cost. This allows us and similar systems to scale to large
datasets through the use of distributed systems [9-12]. Additionally, we can use our
schema generation process outline in Chapter 4| as a preliminary starting point to
narrow down more expensive techniques. Using the attributes present in any schema
as a filter, we can omit partitions from our scans. Similar optimizations have been
used to great success in systems like NoDB [3] and Apache Spark. Although map-
reduce systems may gain other benefits from a priori partition information.

Another distinction between JSON and RDBMS data is the role it fills. Due to
a number of reasons relational data is generally dense and unchanging. It is more
likely that a user will change their data requirements than change their table layout.
In contrast, frequently JSON will be a mix of multiple partially or barely overlapping
schemas. In fact a number of products are built around this exact behavior, storing
outputs from various JSON sources in a single location [77]. At query time this
has profound impact on the amount of data required for scanning. While tools like
Apache Spark, Hadoop, and Impala are frequently the go-to JSON querying tool. Full
RDBMS support is a clear user demand, requiring complex multi-system integrations
to create a less than ideal product, usually with limited support. In addition to user
demand, storing JSON data natively in an RDBMS enables the full range of ACID

transactions, largely unsupported in native JSON formats.
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5.4.2 Partition Algorithms

Partitioning aims to take advantage of inherent segregations within a dataset or
table, allowing portions of computation to be skipped. Examining our datasets for
which we have ground-truth, Yelp and GitHub, we visualize attribute occurrence in
fig.[5.6l Figure is an random ordering of our Yelp dataset, while Figure sorts
by our partition predictions. Visually, we see these groups are largely disparate, and
likely a query would only pertain to a single grouping. Further, looking at Figure [5.6d,
we also see large differences between partitions, however there’s apparent significant
overlap. This overlap in attribute naming can be intentional, sharing foreign keys,
primary keys, corresponding to the same underlying component, or can be accidental,
think how common the attribute "name”, ”address”, etc. appear in datasets.

In Chapter 3| we explore a number human interpretable techniques, principal com-
ponent analysis, various clustering techniques, frequent pattern trees, and more. From
this analysis, we concluded classification using existing techniques appears to require
a human-in-the-loop for both tuning and interpretation. Chapter [] we introduce a
new clustering algorithm, Bimax-Merge, which aims to take advantage of specific
JSON characteristics which other algorithms weight less. Recent works have also
explored the use of a decision tree algorithms, such as FPGrowth, for JSON cluster-
ing |2,133,/43]. FPGrowth [43] requires users to set threshold parameters to generate
frequent sets, and association rules. While the use of cost functions [33] dramatically
improves the end user’s interface, as we find in 3| parameter tuning has a prohibitively
expensive human cost. Additionally, FPGrowth produces a varying number of fre-
quent sets based on the threshold selection. Figure depicts how this parameter

impacts frequent set predictions. In testing we found tuning these parameters to
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Figure 5.6: Visualization of Yelp dataset partitioning.
generate ground truth frequent sets to be impractical. This is due to each partition
effectively having a unique profile based on multiplicity, and either had no attribute
set generated or an extremely limited subset. So much so that even mandatory at-
tributes were excluded due to varying row multiplicities between partitions. Using
this approach to detect potential key candidates has promising potential, however for
the purpose of generating tabular partitions we find a similar merge algorithm such

as the one outline in Chapter |4 would be necessary.
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Figure 5.7: Yelp frequent set counts by threshold (log scale).

5.4.3 Apache Parquet

Apache Parquet [70] is a popular column oriented file format, frequently used
for JSON due to its hierarchical encoding. Column oriented formats offer a signif-
icant performance benefit over row-wise storage when querying a small percentage
of columns. While column oriented formats are not perfect for every use case and
are not directly in our primary objective path. They are such a staple in the JSON
ecosystem, we would be amiss to not investigate potential benefits of our partition-
ing scheme. Parquet is no stranger to utilizing partitioning as a main performance

strategy. Declaring a partition key enables the logical and physical storing of simi-
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lar records, and can be used to optimize parallel computation while avoiding invalid
partitions. Additionally for our preliminary testing purposes, we can easily store our
JSON data without the headache of creating relational DDL, while still not incur-
ring the desegregation of performance due to sub-optimally encoded nulls. This is
in part due to the efficient run length encoding, meta-data blocks, and data chunk
format deployed by Parquet. Our queries were executed using Apache Spark SQL
version 2.3 over our Yelp and GitHub ground truth datasets. We issued a number
of aggregate and filter queries using three different strategies (1) no partitioning, (2)
Spark’s partition by key optimization, and (3) manual partition targeting and storage.
From Figure [5.8 we can see parquet inherently does a good job invalidating entire
null chunks by default, however some performance benefit is still gained by avoiding
unnecessary reads and checks. Additionally, we see manual partitioning which would
be the theoretic best performance gains even greater benefit. This is not entirely sur-
prising considering a number of optimizer checks are skipped, and meta-data blocks
can be read efficiently. While this is not a deep dive into partitioning performance
benefits by partitioning in Apache Spark and Parquet, it is evidence that partitioning

even under otherwise thought to be optimal querying format can still be improved.
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Figure 5.8: Performance of various queries using Apache Spark with various Parquet
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5.4.4 Partition Query Rewriting

JSON datasets frequently contain thousands of unique attribute paths. This poses
a significant initial loading hurtle, considering most RDBMS have a hard column ca-
pacity, often in the hundreds. We find this case often occurs in two scenarios, when

datasets contain embedded key-value collections, and/or multiple conceptually differ-
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ent schemas are contained in the same dataset. From our analysis, correcting these
two issues allows us to import a much greater range of JSON use cases, across mul-
tiple RDBMS without significant modifications. We are able to hide the partitioning
mechanism from the user by rewriting their queries to map to predefined partitions.

This rewrite is also compatible with our pivot rewrite from Section [5.3.3

SELECT business_id,
business_name, ...
FROM YELP;
Yelp e,
Business T User
Checkin V * Tip
Photos Review

Figure 5.9: Partition selection based on projection pushdown.

Shown in Figure we can use projection pushdown as a means to eliminate
partitions. Such that a partition is only included, given a query predicate exists. Ad-
ditionally, this optimization can be applied to self-referential joins, and given queries

that span multiple partitions, nulls can be interpolated without an explicit read.
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5.4.5 Partitioning Performance

Storing JSON in a partitioned tabular format has significant performance bene-
fits over using native JSON types. For example, even though BSON does not require
re-parsing, it still incurs at least one additional lookup due to attribute variations
between records. More efficient data reads, advanced typing, better compression, all
contribute to a performance improvement, beyond just ease of use. We test perfor-
mance issuing various aggregate queries over our two ground-truth Yelp and GitHub
datasets. We use three different layout strategies, native JSON, tabular unparti-
tioned, and tabular partitioned. When querying over our native JSON format, we
use a JSON _table function to project only the required columns into a queryable
form. Unpartitioned tabular format is the sparse table of every schema merged to-
gether. For example the schema contains all Yelp attributes across every record type.
Finally, partitioned refers to our dense partitioned dataset, using the output from
our Bimax-Merge algorithm. Our tests were run using a popular RDBMS system
and their JSON function implementation. Unsurprisingly using the native JSON
type produces the longest query times. Largely in part due to the overhead from re-
parsing. Second, we see tabular unpartitioned has a performance benefit over native
JSON. However, this is still far from ideal, requiring a full table scan and capturing
many null values. Last, we see a significant performance increase by using partition
elimination to only include rows from relevant partitions. Additionally, each table a

more dense data representation, avoiding large null encodings.
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5.5 Partitioning Conclusions

In conclusion, reformatting JSON data into a semi-relational format based on
data cues can have substantial performance benefits. Detecting pivot opportunities
can provide users more convenient query interfaces, skip the need for the inefficient
explode operator, and avoid costly parses. Additionally, by separating collections
which make up large portions of this data from core attributes, we can improve the
performance of queries over the core relation. Next, we explore the performance
benefit of using a JSON clustering algorithm for partitioning, reducing the amount
of data scanned. Gaining a substantial benefit to query performance, all without the
need to burden the user. Lastly, RDBMS often contain limiting factors, hindering
direct JSON loading. By predictively pivoting collections, we substantially reduce the
total number of columns for a direct translation. Then by enabling multiple partitions
to have disjoint schemas, we can further reduce the number of columns, increasing
the likelihood a direct JSON to table translation will be possible. This translation

improving usability, and performance, especially for complex workflows.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

JSON'’s flexible schema-on-read properties make it a developer favorite to store
various types of data, and likely is here to stay. Today almost every major cloud
based database offering has a number of connectors, integrations, or hacks to make
importing JSON data possible due to high customer demand. We see this in offerings
such as AWS Spectrum, Athena, and Aurora, to name a few, supporting everything
from other JSON stores to raw file types. There is a clear need for full RDBMS
JSON integration, beyond support for advanced string or BSON types and functions.
In this dissertation, we investigated how this lack of direct native tabular storage
impacts usability. Leading to frequent errors, performance degradation, and missing
functionality. Worse yet, directly loading JSON into a tabular format is generally
all but impossible. The amount of human effort to create a post hoc JSON ETL

plan is infeasible, as JSON cleaning problems often scale with the size of the data
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due to variations in records. These include embedded key-value stores, multi-typed
attributes, and heterogeneous datasets to name a few.

First, we investigated how JSON work flows are often context dependent, partic-
ularly when joining with other relations. We propose and implement a process for
query and data sharing, creating individual sanitized views to be reused and shared.
Additionally, we implement a previously proposed method for data mining, to aid the
users discovery process.

Second, after gathering a number of real world JSON datasets, we extended the
scope of our data exploring algorithms, in particular targeting sanitizing JSON’s
heterogeneous properties. We implemented a number of common and specialized
pattern mining and data exploring algorithms, and built an interactive user interface
to convey these discovered patterns. From our observations, it appeared existing
algorithms produced clustering results that were too error prone for a fully automated
system, but useful for guiding user attention. Further investigation revealed to us the
highly optional nature of JSON was skewing cluster results, leading us to develop our
notion of collections, or embedded key-value stores.

In Chapter 4] we further our notion of collections, defining entropy metrics to
efficiently detect this data pattern. We then created a novel clustering algorithm,
specifically designed to take advantage of JSON’s attribute optionality. Using this as
a signal, we create natural partitions in the data which we experimentally show have
minimal to no impact on validation, while reducing ambiguity by several magnitudes.
This ambiguity being a fundamental data cleaning problem users face during the
JSON ETL process, currently being accomplished by human elbow grease.

Finally, in Chapter [5| we create and apply a partitioning strategy generated from
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our algorithm developed in Chapter [dl We devise a pivot table strategy for collections
which improves performance and queryability. Next we apply our partitioning scheme
and show significant query performance. Using our query rewriting strategy, this
process is completely hidden from the user. All while improving performance and
making no significant system modifications.

JSON data is here to stay, and the demand for multi-format queries is ever grow-
ing. Instead of creating one off partial solutions, poorly performing plugins, and
domain specific languages, we should first look to reuse existing RDBMS function-
ality. In part, this means defining tabular relational mappings, promoting usability,

scalability, and query reuse.

6.2 Future Work

There are a number of natural extensions and future applications of this work.
First, while we captured a large number of previously unexplored patterns, there are
still a number of unaddressed additional JSON patterns. For example recursion is
a common pattern in particular schemas that we deemed as a whole problem on its
own. Detecting recursion is notoriously computationally expensive and infeasible,
and while our work does not inherently fail on such input, it does not attempt to
be a general solution to capturing this pattern. Likewise, embedded foreign key
dependencies and self-referential attributes are an additional avenue. A whole list of
such patterns including enumerated types could take advantage of our base partitions
to reduce computation and improve parallelization. In general, our approach can be

used as a preprocessing step, for more computationally expensive operations.

121



Second, there are some situations where native JSON or sparse storage may pro-
vide a significant space saving. In this paper partitioning and collection detection
significantly improves density. This however may not always be the case, and the
benefits of partially storing some sparse or known unused columns in sparse form
may be beneficial.

Finally, our process proposed in Chapter [4] is currently offline. Our roll-up merge
algorithm can be reused to compute additional partitions, however this may be ex-
pensive and other methods may be more desirable. While most RDBMS systems
enable a default partition which could be used for row overflow that does not obey

partition rules, an online version would be worth exploring.
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