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SYNTHESIZING TRANSFORMATIONS TO RELATIONALIZE DATA TABLES

BACKGROUND
[0001]  Relational models organize data into relational data tables. Theoretically, once data is
entered in the relational data tables, programs allow the data to be easily queried and processed to
provide useful information. However, in practice many relational data tables do not conform to
the relational models and the usefulness of the data is greatly diminished.
SUMMARY
[0002]  This patent relates to relational databases and associated relational data tables. In
standard or conforming relational data tables each row should correspond to an entity and each
column should correspond to an attribute of the entity. However, such a standard cannot be taken
for granted when dealing with data tables “in the wild” (e.g., discoverable on the internet and/or
as configured by users). Surveys of real spreadsheet-tables and web-tables show that over 30%
of such data tables do not conform to the relational standard. In these cases, complex table-
restructuring transformations are needed before these data tables can be queried easily using SQL-
based tools. Unfortunately, the required transformations are non-trivial to program, which has
become a substantial pain point for technical and non-technical users alike.
[0003] The present concepts relate to ‘Auto-Tables” concepts that can automatically
synthesize pipelines with multi-step transformations (in Python or other languages). to transform
non-relational data tables into standard relational forms for downstream analytics. Thus, Auto-
Tables provides a technical solution that obviates the need for users to manually make
transformations or to manually program transformations.
[0004] One example Auto-Tables implementation can obtain conforming relational data
tables and can generate training data without human labelling by identifying a transformational
operator that will transform an individual conforming relational data table to a non-conforming
data table and an inverse transformational operator that will transform the non-conforming data
table back to the individual conforming relational data table. The example can train a model with
the training data. The trained model can synthesize programs to transform other non-conforming
data tables to conforming relational data tables.
[0005]  This Summary is intended to introduce some of the present concepts described in this
patent and is not intended to be limiting or all-inclusive of the novel concepts.
BRIEF DESCRIPTION OF THE DRAWINGS
[0006]  The Detailed Description is described with reference to the accompanying figures. In
the figures, the left-most digit(s) of a reference number identifies the figure in which the reference

number first appears. The use of similar reference numbers in different instances in the description
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and the figures may indicate similar or identical items.
[0007]  FIGS. 1, 4, and 13 illustrate example systems that can implement Auto-Tables
concepts consistent with some implementations of the present concepts.
[0008]  FIGS. 2A-2D and 3 show example Auto-Tables data table transformations that are
consistent with some implementations of the present concepts.
[0009]  FIG. 5illustrates an example graphical representation of Auto-Tables transformations
that 1s consistent with some implementations of the present concepts.
[0010]  FIGS. 6 and 8 show example Auto-Tables architectures that are consistent with some
implementations of the present concepts.
[0011]  FIGS. 7A and 7B show example Auto-Tables model configurations that are consistent
with some implementations of the present concepts.
[0012]  FIGS. 9-11 illustrate example graphs that are consistent with some implementations of
the present concepts.
[0013]  FIG. 12 illustrates an example flowchart that is consistent with some implementations
of the present concepts.

DETAILED DESCRIPTION

OVERVIEW
[0014]  This patent relates to relational databases and associated relational data tables. Modem
data analytics like structured query language (SQL) and business intelligence (BI) are predicated
on a standard or conforming format of relational data tables, where each row corresponds to a
distinct “entity”, and each column corresponds to an “attribute” for the entity that contains
homogeneous data-values. Such data tables are de facto ‘standard” or ‘conforming’ in relational
databases, such that database users may take this for granted. In fact. a significant fraction of data
tables “in the wild” (e.g., discoverable on the internet) actually fail to conform to such standards
(e.g., are non-conforming). These non-conforming data tables are considerably more difficult to
query using SQL-based tools than standard or conforming data tables.
[0015] Real data tables in the wild, such as spreadsheet-tables or web-tables, can often be
“non-relational” and hard to query, unlike expected standard data tables in relational databases.
For instance, random sampling of hundreds of user spreadsheets (in Excel), and web data tables,
such as from Wikipedia, for example, show around 30-50% of data tables have such issues. The
present concepts provide a technical solution for automatically converting non-conforming data
tables into conforming relational data tables without human involvement.
[0016] Introductory FIG. 1 shows an organizational architecture or system 100A. For
purposes of explanation, the organizational architecture can be viewed as entailing three main

aspects. The first aspect involves self-supervised training data generation 102. The second aspect
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involves model training 104, The third aspect involves automatically converting user data tables
to conforming relational data tables (e.g., automatic conversion) 106, In some implementations,
an Auto-Tables component 108 can manage the self-supervised training data generation 102, the
model training 104, and/or the automatic conversion 106 of user data tables to conforming
relational data tables 110.

[0017] Self-supervised training data generation 102 starts with conforming relational data
tables 110 and a set 112 of transformational operators (e.g., operators) 114. Example
transformational operators 114 are described in more detail below starting in relation to FIGS.
2A-2D and Table 1. Briefly, the self-supervised training data generation leverages a conceptual
recognition that operations 116 and inverse operations 118 can be employed to transform
conforming relational data tables 110 to non-conforming data tables 120 and back again. This
aspect is described in more detail below relative to FIG. 4. Transformational operators 114 that
perform the operation 116 and the inverse operation 118 (e.g., pairs of transformational operators
114) can be viewed as training data 122.

[0018] Model training 104 can utilize the training data 122 to train a deep leaming network
or model 124 to produce a trained deep learning model 126. As mentioned above, the model
training is achieved without any human labelled training data and instead uses the training data
122 produced via the self-supervised training data generation 102.

[0019] Automatic conversion 106 involves supplying non-conforming data tables 128 to
the trained model 126. The trained model 126 can synthesize a program 130 to address the
supplied non-conforming data tables 128. The synthesized program 130 can convert the non-
conforming data tables 128 into conforming relational data tables 132. (Note that identifier 128
is utilized with (user-supplied) ‘non-conforming data tables’ in relation to the automatic
conversion 106 to follow the flow of FIG. 1. However, non-conforming data tables 128 are
analogous to (generated) non-conforming data tables 120 described relative to the self-supervised
training data generation 102. Similarly, identifier 132 is utilized with (generated) ‘conforming
relational data tables” in relation to the automatic conversion 106 to follow the flow of FIG. 1.
However, conforming relational data tables 132 are analogous to conforming relational data tables
110 described relative to the self-supervised training data generation 102. Thus, conforming
relational data tables 110 and 132 can be viewed as equivalent and non-conforming data tables
120 and 128 can be viewed as equivalent).

[0020] The present concepts provide a technical solution that allows all of the functionality
of FIG. 1 to be achieved without any user involvement. For instance, human involvement is not
needed to label training data and human involvement is not needed to manually convert non-

conforming data tables to conforming relational data tables or to manually write a program to
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perform the conversion/transformation. The description now provides examples of conversions
from non-conforming data tables 128 to conforming/transforming relational data tables 132.
[0021] FIGS. 2A-2D show real examples of non-conforming data tables 128 taken from
spreadsheets to demonstrate these common issues. Non-conforming data tables 128 are
commonly found at many sites on the internet. In each of FIGS. 2A-2D, non-conforming data
tables 128 (e.g., input tables) are not relational and as such are hard to query. The non-conforming
data tables 128 need to be transformed to produce corresponding conforming relational data tables
132 (e.g., output tables) that are relational and easy to query. The present concepts can provide a
technical solution that automatically and without human effort converts these non-conforming
data tables 128 to conforming relational data tables 132. No human involvement means that
humans do not have to label training data, humans do not have to manually transform the non-
conforming data tables, and humans do not have to write programs to transform the non-
conforming data tables. In some implementations, the technical solution can be provided by the
Auto-Tables component 108.

[0022] FIGS. 2A-2D collectively show example conversions from non-conforming data
tables 128 to conforming relational data tables 132. These conversions can be accomplished by
the automatic conversion 106. The automatic conversion 106 can employ individual
transformational operators 114 from the set 112 of transformational operators as part of
synthesized program 130 (shown in FIG.1). In some implementations, some or all of the content
shown in FIGS. 2A-2D may be presented to the user on a user interface (UI) to allow the user to
understand what conversions are being performed. In such cases, visual organizational clues can
be utilized to aid the reader. The visual organizational clues can entail colors and/or cross-
hatching of rows and/or columns that are related. The illustrated configuration employs cross-
hatching to indicate related columns and/or rows.

[0023] FIG. 2A shows non-conforming data table 128(1) (e.g., input table) that is not a
standard relational data table, because each column marked with cross-hatching contains sales
numbers for only a single day (“19-Oct”, “20-Oct”, etc.). This aspect makes these column values
highly homogeneous in the horizontal direction. In contrast in conforming relational data tables,
the values in columns are expected to be homogeneous in the vertical direction. Although this
specific data table format of non-conforming data table 128(1) makes it easy for humans to eyeball
changes day-over-day by reading horizontally, it is unfortunately hard to analyze using SQL.
[0024] For purposes of explanation, assume that a user needs to compute the 14-day
average of sales, starting from “20-Oct” — for this non-conforming data table 128(1). To
accomplish this the user has to write: SELECT SUM(*20-Oct”, “21-Oct”, “22-Oct”, ...) FROM

T, across 14 different columns, which is long and unwieldy to write. Now assume that the user
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needs 14-day moving averages with every day in October as the starting date — the resulting SQL
is highly repetitive and hard to manage. In contrast, consider a transformed version of this non-
conforming data table 128(1) identified as conforming relational data table 132(1) (e.g.. output
table). In conforming relational data table 132(1), the homogeneous columns in the original table
(marked in cross-hatching) are transformed into only two new columns: “Date” and “Units Sold”,
using a transformation operation called “stack,” which 1s performed by transformational operator
114(1). This transformed conforming relational data table 132(1) contains the same information
as the input table, but is much easier to query. For instance, the same 14-day moving average can
be computed using a succinct range-predicate on the “Date” column, where the starting date “20-
Oct™ 15 a literal parameter that can be easily changed into other values.

[0025] FIG. 2B shows another example non-conforming data table 128(2) where every
three columns form a group, representing “Revenue/Units Sold/Margin™ for a different year,
repeating many times (visually grouped by various cross-hatching pattemns). Non-conforming
data table 128(2) with these repeating column-groups is also hard to query just like FIG. 2A. In
this case the required transformation operator 114(2) performs a “wide-to-long™ operation to
generate conforming relational data table 132(2).

[0026] FIG. 2C shows another example non-conforming data table 128(3) and associated
automatic conversion 106(3) to conforming relational data table 132(3). Non-conforming data
table 128(3) shows an example where each hotel corresponds to a column (whose names are in
row 1), and each “attribute” of these hotels corresponds to a row. Note that in this case values in
the same rows are homogeneous (marked in different cross-hatching), unlike relational data tables
where values in the same columns are homogeneous. A transformation called “transpose” is
employed in this case by transformational operator 114(3) to make the resulting conforming
relational data table 132(3). The conforming relational data table 132(3) is easy to query. For
instance, a query to sum up the total number of hotel rooms is hard to write on the non-conforming
data table 128(3), but can be easily achieved using a simple SUM query on the “Single Room™
column in the conforming relational data table 132(3).

[0027] FIG. 2D shows another example non-conforming data table 128(4) and associated
automatic conversion 106(4) to conforming relational data table 132(4). In this example non-
conforming data table 128(4), the columns are represented as rows. This is similar to FIG. 2C,
except that the rows in this case are “repeating” in groups, thus requiring a different
transformational operator called “pivot” which is performed by transformational operator 114(4).
The resulting conforming relational data table 132(4) is easy to query.

[0028] Note that in some implementations, the Auto-Tables component 108 may present

the content of FIGS. 2A-2D (or a subset thereof) on a user interface (UI) to allow a user to view
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the conversions. This can allow the user to understand the conversions and/or accept or reject the
conversions, depending on the implementation. For instance, Auto-Tables component 108 may
generate a Ul that allows the user to upload or link their data tables. The Auto-Tables component
108 can cause transformations to be performed on non-conforming data tables and show the
transformations to the user in Uls similar to FIGS. 2A-2D. In some implementations, the user can
accept or reject the transformations. The user feedback can be used to refine the trained model
126 (FIG. 1) to improve future transformations. While the examples so far are all taken from
spreadsheets, similar structural issues are also widespread in web tables. The concepts applied
above can be applied in these and other contexts.

[0029] FIG. 1 introduces the set 112 of transformational operators 114 that can be
employed during the automatic conversion of the non-conforming data tables 128 to conforming
relational data tables 132. FIGS. 2A-2D illustrate four example transformational operators 114(1),
114(2), 114(3), and 114(4) from the set 112. Table 1 shows these four transformational operators
114(1)-114(4) as well as four additional example transformational operators 114(5)-114(8) of the
set 112 in a first column. The operator names relate to domain specific language (DSL) names.
Table 1 also shows equivalents for the transformational operators in other languages in a second
column (e.g., the names for equivalent operators in other languages, such as Python and Pandas).

The table shows operator parameters in a third column, and a description in the fourth column.

Table 1 of set 112 of transformational operators 114.

Operator IPython PandasOperator Description (example in|
equivalent parameters parenthesis)
stack 114(1)  melt start_1dx, end idx |collapse homogeneous cols into|

rows (FIG. 2A)

wide-to-long |wide to long start idx, end idx,collapse repeating col-groups into

114(2) delim rows (FIG. 2B)
Transpose  [transpose - convert rows to columns and vice|
114(3) versa (FIG. 2C)
Pivot 114(4) [pivot repeat frequency  [pivot repeating row-groups into

cols (FIG. 2D)

explode 114(5)explode column idx, delim [convert composite cells into

atomic values

ffill 114(6)  |ffill start 1dx, end 1dx  ffill structurally empty cells in|
tables
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subtitles copy, ffill, del |column idx, convert table subtitles into a

114(7) row_filter column

none 114(8) |- - no-op. the input table is already
relational

[0030] Table 1 shows the set 112 of eight transformation operators 114 commonly utilized

to relationalize tables. Note that while this set 112 includes eight transformational operators, more
or less transformational operators can be employed in a set to accomplish transformations on the
encountered data tables. Note that since the Auto-Tables concepts can utilize self-supervision for
training that is not tied to the specific choices of operators, the concepts can be easily extended to
include additional operators for new functionalities.

[0031] The first column of Table 1 shows the name of the “operator,” which may be
instantiated differently in different languages (e.g., in Python or R), with different names and
syntax. The second column of the table shows the equivalent Pandas operator in Python, which
is a popular API for manipulating tables among developers and data scientists.

[0032] Stack operator 114(1) is a Pandas operator that is also known as melt and unpivot
in other contexts. The stack operator collapses contiguous blocks of homogeneous columns into
two new columns. As shown in FIG. 2A, column headers of the homogeneous columns (“19-

2%

Oct”, “20-Oct”, etc.) are converted into values of a new column called “Date,” making it
substantially easier to query (e.g., to filter using a range-predicate on the “Date” column).

[0033] Properly invoking stack entails providing two important parameters, start idx and
end_1dx (listed in the third column of Table 1). These parameters specify the starting and ending
column index of the homogeneous column-group that needs to be collapsed. The case shown in
FIG. 2A should use start_idx =3 (corresponding to column D) and end idx =12 (column M).
[0034] Note that the present Auto-Tables concepts aim to synthesize complete
transformation steps that can execute on non-conforming data tables. The present Auto-Tables
concepts can predict not only the operators (e.g., stack for the table in FIG. 2A), but also the exact
parameter values correctly (e.g., slightly different parameters such as start idx=4 and end 1dx=12
would fail to produce the desired transformation).

[0035] Wide-to-long operator 114(2) collapses repeating column groups into rows. FIG.
2B shows such an example, where “Revenue/Units Sold/Margin™ from different years form
column-groups that repeat once every three columns, All these repeating column-groups can
collapse into three columns, with an additional “Year” column for year info from the original
column headers, as shown on the right in FIG. 2B. Observe that wide-to-long is similar in spirit

to stack as both collapse homogeneous columns, although stack cannot produce the desired
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outcome when columns are repeating in groups, as is the case in this example shown in FIG. 2B.
[0036] The wide-to-long operator 114(2) has three parameters, where start idx and
end idx are similar to the ones used in stack. It has an additional parameter called “delim”, which
is the delimitor used to split the original column headers, to produce new column headers and

(332

data-values. For example, in the case of FIG. 2B, “delim” should be specified as “-” to produce:
(1) a first part corresponding to values for the new “Year” column (20187, “2019”, etc.); and (2)
a second part corresponding to the new column headers in the transformed table (“Revenue”,
“Units Sold”, etc.). Like in stack, all three parameters here need to be instantiated correctly, before
synthesizing the desired transformation.

[0037] Transpose operation 114(3) is a table-restructuring operator that converts rows to
columns and columns to rows, which is also used in other contexts such as in matrix computation.
FIG. 2C shows an example non-conforming data table (e.g., input table), for which transpose is
needed to produce the conforming relational data table (e.g., output table). The conforming
relational data table is relational and easy to query. Invoking transpose operation 114(3) requires
no parameters, as all rows and columns will be transposed.

[0038] Like transpose, the Pivot operation 114(4) converts rows to columns, as shown in
the example in FIG. 2D. In this way, the pivot operation is similar to the transpose operation.
However, in this case rows show repeating-groups (whereas in wide-to-long columns show
repeating-groups), which need to be transformed into columns, like shown on FIG. 2D.

[0039] Pivot operation 114(4) has one parameter, “repeat_frequency”, which specifies the
frequency at which the rows repeat in the non-conforming data table (e.g., input table). In the
case of FIG. 2D, this parameter should be set to four, as the cross-hatching pattern of rows would
suggest.

[0040] Table 1 has 4 additional table-restructuring operators 114(5-114(8). These include
(1): “explode™ operator 114(5), which converts columns with composite values (violating the First
Normal Form) into atomic values, so that the table can be queried using standard SQL; (2): “ffill”
operator 114(6), which fills values in structurally empty cells so that the data table can be queried;
(3): “subtitle” operator 114(7), which converts rows representing table sub-titles into separate
columns for ease of queries; and finally (4): a “ none ™ operator 114(8) for input tables that are
already relational, for which no transformation 1s needed. This latter operator is needed explicitly
so the techniques do not “over-trigger” on data tables that require no transformation.

[0041] Explode operator 114(5) is an operator that converts columns with composite
values (which violates the First Normal Form of relational data tables), into atomic values. An
explode would convert each atomic value into a separate row, making the resulting table more

amenable to analysis.
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[0042] As shown in Table 1, the explode operator 114(5) has 2 parameters, a
“column_idx” parameter to specify which column to operate on, and a “delim”™ parameter that
specifies how composite cells can be broken into atomic values.

[0043] Ffill 114(6) 1s an operator that fills values into structurally empty cells in data
tables. Unlike empty cells that may occur randomly inside tables, structurally empty cells are
often organized hierarchically for visual browsing, which are the key visual signals for the
algorithms to detect.

[0044] Like operators such as stack, ffill requires two parameters, start idx and end idx,
in order to 1dentify columns for which ffill needs to be performed.

[0045] Subtitle 114(7) is an operator that transforms tables that embed subtitle
information, which are mixed together with data-rows, but with visual clues, such as being empty
for all cells in the same row, to the right of the sub-title cell.

[0046] Subtitle has two parameters, column_idx that identifies the column that contains
subtitle information, and row_filter that filters to rows that actually contain subtitles.

[0047] None 114(8) is a special no-op operator, to indicate that an input table is already
relational, for which no additional transformation is needed. None does not require any
parameters.

[0048] FIGS. 2A-2D show examples where a non-conforming data table can be
transformed to a conforming relational data table with one operation. Some transformations entail
multiple operations. FIG. 3 shows an example non-conforming data table 128(5). In this case,
synthesized program 130 first causes a transpose operator 114(3) to transform the non-conforming
data table 128(5) into an intermediate non-conforming data table 128(6) by swapping rows and
columns. Next, synthesized program 130 causes stack operation 114(1) to transform the
intermediate non-conforming data table 128(6) into conforming relational data table 132(5) by
collapsing homogeneous columns (C to G) into two new columns. Stated another way, a first
operator transforms the input table into a second data table. A second operator transforms the
second data table into a conforming relational data table. Thus, the first and second operators
operate serially, with the second operator operating on the output of the first operator.

[0049] While the functionalities listed in Table 1 already exist in languages such as R and
Python, they are not easy for users to invoke correctly. For instance, with existing manual
techniques, users need to visually identify different structural issues in a non-conforming data
table that makes it hard to query (e.g., repeating row/column groups shown in FIG. 2A-2D), which
is not obvious to non-expert users. Next users need to map the visual pattern identified from the
non-conforming data table (e.g.. input table) to a corresponding operator in Table 1 that can handle

such issues. This is hard as users are often unfamiliar with the exact terminologies to describe
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these transformation operators (e.g., pivot vs. stack), often needing to search online for help.
Further, users need to parameterize the chosen operator appropriately, using parameters tailored
to the non-conforming data table (e.g., which columns need to collapse into rows, what is the
repeating frequency of column groups, etc.). Again, this is hard as even developers need to consult
the API documentation, which is often long and complex. Further still, certain non-conforming
data tables require more than one transformation step, for which users need to repeat step (1)-(3)
multiple times.

[0050] Completing these manual steps is a tall order even for technical users, as evidenced
by a large number of related questions on forums like StackOverflow. If technical users like
developers find it hard to restructure their data tables, it comes as no surprise that non-technical
enterprise users, who often deal with data tables in spreadsheets, would find the task even more
challenging. A large number of similar questions exist on Excel and Tableau forums, where users
complain that without the required transformations it is hard to analyze data using SQL-based or
Excel-based tools. The prevalence of these questions confirms data table transformations (e.g.,
restructuring) as a common pain point for both technical and non-technical users. Further, even
if a user is proficient, the process is time consuming and slows down overall usefulness of the data
in the non-conforming data tables. The present concepts provide a technical solution that performs
the transformations very quickly, such as in a matter of seconds, and without human effort.
[0051] The present concepts provide a technical solution that synthesizes transformations
without examples. This technical solution can automatically synthesize table-restructuring steps
to relationalize data tables, using the Domain Specific Language (DSL) of operators, such as those
in Table 1, without requiring users to provide examples. One key intuition of why examples are
not needed for this restructuring problem lies in the observation that the required transformations
to relationalize a data table are almost always unique given the data table, as the examples in FIGS.
2A-2D would all show. This is because the transformations required in this problem only
“restructure” data tables, and do not actually “alter” the table content. This stands in contrast to
existing techniques that focus on row-to-row transformations, or SQL-by-example, where the
output is “altered” and can produce many possible outcomes. These existing techniques would
require users to provide input/output examples to demonstrate the desired outcome.

[0052] The present transformation solutions do not need to ask users to provide examples.
This is a substantial technical advantage because in the context of table-to-table transformations,
asking users to provide examples would mean users have to specify an output table, which is a
substantial amount of typing effort, making it cumbersome to use.

[0053] In the computer vision literature, object detection algorithms are typically trained

using large amounts of labeled data (e.g., pictures of dogs that are manually labeled as such).

10



10

15

20

25

30

35

WO 2024/253922 PCT/US2024/031519
Analogous labeled datasets are not available in the data table realm. The present concepts offer a
novel self-training technical solution that exploits the inverse functional relationships between
operators (e.g., the inverse of “stack™ is known as “unstack™), to automatically build large amounts
of training data without requiring humans to label training data. This aspect is described in more
detail below relative to FIG. 5.

[0054] The present concepts can include a computer-vision inspired model specifically
designed for the data table transformation task. The computer-vision inspired model scans
through rows and columns to extract salient tabular features, reminiscent of how computer-vision
models extract features from image pixels for object detection.

[0055] In light of the description above and the table-restructuring operators listed in Table
1, the program synthesis problem can be defined as detailed below.

[0056] Definition 1. Given an input table T, and a set of operators O =
{stack, transpose, pivot, ...}, where each operator O € O has a parameter space P(0), the
process can  synthesize a  sequence of multi-step  transformations M =
(01(p1), 05(p2), -, Ox(pr)), with O; € O and p; € P(0;) for all i € [k], such that applying each
step 0;(p;) € M successively on T produces a relationalized version of T.

[0057] Note that Auto-Tables predicts both the operator 0; and its exact parameters p;
correctly, each step along the way. This is challenging as the search space is large — even for a
single-step transformation. There are thousands of possible operators/parameters to choose from
(e.g., a table with 50 columns that requires a “stack™ operation will have 50x50 = 2500 possible
parameters of start idx and end idx). For two-step transformations the search space 1s already in
the millions (e.g., for “stack™ alone itis 2500% ~ 6M). Given the large search space, even a small
difference in parameters can render the resulting transformation incorrect, as shown below.
[0058] Example 1. Given the non-conforming data table 128 (e.g., input table T') shown
on FIG. 3 the ground-truth transformation M to relationalize T has two-steps: M = (transpose(),
stack(start_idx: "2015”, end_idx: "2020")). Here the first step “transpose” swaps the rows
with columns, and the second step “stack”™ collapses the homogeneous columns (between column
“2015” and “20207). Note that this is the only correct sequence of steps — reordering the two
steps, or using slightly different parameters (e.g., start_1dx="2016" instead of start_1dx="2015"),
will all lead to incorrect output, which makes the problem challenging.

[0059] Also note that although synthesized programs are shown using DSL syntax, the
resulting programs can be easily translated into different target languages, such as Python Pandas
or R, which can then be directly invoked.

[0060] The description now tums to an example Auto-Tables system, which leams to

synthesize transformations. This explanation starts with an architecture overview before delving
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into individual components,
[0061] FIG. 4 shows an example Auto-Tables architecture on a system 100B. This system
100B is similar to system 100A of FIG. 1, but offers additional details relative to some aspects.
For purposes of explanation, the system 100B is divided into events that occur in offline training
time 402 and events that occur in online inference time 404.
[0062] At offline training time 402 the Auto-Tables system uses a “training data
generation” module 406 that consumes large collections of relational tables R, to produce training
pairs 410. An “input-only synthesis” module/model 412 learns-to-synthesize (e.g., 1s trained)
using the training data pairs 410. The input-only synthesis module/model 412 produces top-k
programs 414. An “iput-output re-ranking” module/model 416 holistically considers both the
input table and the output table (produced from the synthesized program), to find the most likely
program (e.g, re-ranks the programs generated by the input-only synthesis module 412). For ease
of explanation, from one perspective, the input-only synthesis module/model 412 can be viewed
as a module that trains a model of the same name. Similarly, the input-output re-ranking
module/model 416 can be viewed as a module that trains a model of the same name.
[0063] The online inference-time 404 portion closely follows the offline steps, and directly
invokes the (now trained) input-only synthesis module/model 412 and the input-output re-ranking
module/model 416 that were trained in the offline training time 402. A test input table 418 (e.g.,
user data tables) can be received from or relate to users 420. For instance, a user interface, such
as adashboard can be generated that facilitates the data table transformation process to conforming
relational data tables. The user or other source can paste or otherwise link or identify their test
input data table to the dashboard. The input table 418 is passed through the input-only synthesis
model 412, to identify top-k candidate programs 414. The top-k candidate programs are then re-
ranked by the input-output model 416 for final predictions in the form of re-ranked programs 422.
[0064] The description now focuses on these three aspects in turn below beginning with
self-supervised training data generation.
[0065] As discussed earlier, the examples in FIG. 2A-2D demonstrate that there are clear
patterns in the input tables that can be exploited (e.g., repeating column-groups and row-groups)
to predict required transformations for a given data table. Note that these patterns are “visual” in
nature, which can likely be captured by computer-vision-like algorithms.
[0066] As mentioned, there is no existing labeled data that can be leveraged for the present
synthesis task. Further, labeling data tables manually from scratch is likely too expensive to scale.
To overcome the lack of data, the present concepts include a novel self-supervision framework
leveraging the inverse functional-relationships between operators, to automatically generate large

amounts of training data 122 without using human generated labels.
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[0067] FIG. 5 shows a graphical representation 500 of inverse functional relationships of
operators 114 between non-conforming data tables 120 and conforming relational data tables 110.
The inverse operators can be leveraged to generate training data (122, FIG. 1). In order to learn-
to-synthesize operator O, the technique can start from any relational table R, apply its inverse
operator O! to obtain O'(R). Given T= O''(R) as an input data table, this means that O must be
its ground-truth transformation because O(O'(R) )=R. Note that operator O is analogous to
operator 114 of FIG. 1, relational table R is analogous to conforming relational data table 110 of
FIG. 1, and non-relational table T is analogous to non-conforming data table 120 of FIG. 1.
[0068] Briefly, in order to build a training example for operator O (e.g., “stack” 114(1)),
the technique starts from a relational table R and applies the inverse of O, denoted by 071 (e.g.,
“unstack” 114(9)), to generate a table T = 0~ 1(R), which is non-relational. For this task, given
T as input, O must be its ground-truth transformation, because by definition O(T) =
0(071(R)) = R, which tums T back to its relational form R. This makes (T, 0) an (example,
label) pair that the technique can automatically generate at scale, and use as training data 122 of
FIG. 1.

[0069] Thus, for each operator O in the set 112 of tranformational operators 114 that the
technique wants to leam-to-svnthesize, the technique can find its inverse operator (or construct a
sequence of steps that are functionally equivalent to its inverse), denoted by 0. For example,
in FIG. 5 the inverse of “transpose” 114(3) is “transpose” 114(3), the inverse of “stack™ 114(1) is
“unstack™ 114(9), while the inverse of “wide-to-long” 114(2) can be constructed as a sequence of
three steps (“stack™ 114(1) followed by “split” 114(10) followed by “pivot™) 114(4)).

[0070] The significance of the inverse operators is that it allows the technique to
automatically generate training examples. Specifically, to build a training example for operator
0 (e.g, “stack™ 114(1)), the technique can sample any relational table R, and apply the inverse of
0,0r 071 (e.g., “unstack™ 114(9)), to generate a non-relational table T = 01 (R). For the present
task, given T as input, O must be its ground-truth transformation, since by definition O(T) =
0(071(R)) = R, and R is known to be relational. This thus allows the technique to generate
(T, 0) as an (example, label) pair, which can be used for training. Furthermore, the technique can
easily produce such training examples at scale, by sampling: (1) different relational tables R; (2)
different operators O; and (3) different parameters associated with each O, therefore addressing
the lack of training data technical problem described above.

[0071] The overall steps of the self-supervised training data generation 102 are shown in
Algorithm 1, where Line 2, Line 3, and Line 6 correspond to the sampling of operators (0), tables
(R), and parameters (p), respectively, that together create diverse training examples. Note that in

Line 3, an additional “data augmentation™ step is performed to create even more diversity in
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training. This aspect is described in more detail below.

[0072] Data augmentation is a technique in computer vision and related fields to enhance
training data and improve model robustness. For example, in computer vision tasks, it is observed
that training using additional data generated from randomly flipped/rotated/cropped images, can
lead to improved model performance (because an image that contains an object, say a dog, should
still contain the same object after it is flipped/rotated, etc.)

[0073] In the same spirit, the present techniques can augment each relational table R by
(1) Cropping, or randomly sampling contiguous blocks of rows and columns in R to produce a
new table R’; and (2) Shuffling, or randomly reordering the rows/columns in R to create anew R’.
For instance, some implementations can start from over 15K relational tables crawled from public
sources and create around 20 augmented tables for each relational table R. This further improves

the diversity of the training data and end-to-end model performance.

Algorithm 1: Auto-Gen Training Examples.

input: DSL operators O, large collections of relational tables R
output: Training table-label pairs: (T, 0,)

1E «{}

2 foreach O in O do

3 foreach R in R do

4 foreach R’ in Augment(R)// Crop rows and columns
do

6 p < sample valid parameter from space P(0)

7 Op/" « construct the inverse of 0,

8 T « 0, (R")

9 E<EU{T,0,)}

10 return all training examples E

[0074] After obtaining large amounts of training data 122 in the form of (T, 0,,) using self-
supervision, the techniques can employ an “input-only” model that takes T as input, to predict a
suitable transformation O,,.

[0075] FIG. 6 shows a model architecture 600 for put-only synthesis. The model
architecture 600 consists of four sets of layers: (1) table embedding layer 602, (2) dimension
reduction layer 604, (3) feature extraction layer 606, and (4) output layer 608.

[0076] Given an input table T, the table embedding layer 602 encodes each cell in T into
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a vector, to obtain an initial representation of T for training. At a high level, at 610, for each cell
the technique captures both (1) the “semantic features™ (e.g., people-names vs. company-names),
and (2) the “syntactic feature” (e.g., data-type, string-length, punctuation, etc.). Both the semantic
and syntactic features provide valuable signals in this task, e.g, in determining whether
rows/columns are homogeneous or similar.

[0077] In this case, pre-trained Sentence-BERT (a state-of-the-art embedding in NLP) is
utilized for semantic features. In the table embedding layers 602, BERT maps each cell into a
384-dimension vector that encodes its semantic meaning. For syntactic features, each cell is
encoded using 39 pre-defined syntactic attributes (data types, string lengths, punctuation, etc.).
Concatenating the syntactic and semantic features produces a 423-dimension vector for each cell.
For an input table T with n rows and m columns, this produces an X m X 423 tensor as its initial
representation. This aspect will be described in more detail below relative to FIG. 7.

[0078] The discussion now turns to the dimension reduction layers 604. The initial
representation from the pre-trained Sentence-BERT of the table embedding layer 602 has a large
number of dimensions (with information that may be superfluous to this task, which can slow
down training and increase the risk of over-fitting). The dimension reduction layer 604 address
this superfluous information using two convolution layers with 1 X 1 kernels, to reduce the
dimensionality from 423 to 64 and then to 32, to produce n X m X 32 tensors. Note that 1 X 1
kemels are explicitly used so that the trained weights are shared across all table-cells, to produce
consistent representations after dimension reduction.

[0079] The feature extraction layers 606 are reminiscent of convolutional neural network
(CNN) layers but are specifically designed for the data table task. Recall from FIGS. 2A-2D that
the key signals for this task are: (1) identify whether values in row or column-directions are
“similar” enough to be “homogeneous™ (e.g., FIG. 2B vs. FIG. 2C); and (2) identify whether entire
rows or columns are “similar” enough to show repeating patterns (e.g., FIG. 2B vs. FIG. 2D).
[0080] Intuitively, heuristics can be produced, then signal (1) above can be extracted by
comparing the representations of adjacent cells in row- and column-directions. On the other hand,
signal (2) can be extracted by computing the average representations of each row and column,
which can then be used to find repeating patterns.

[0081] Based on this exercise, and given the strong parallel between the row/columns in
data tables and pixels in images, the present implementations can employ feature-extraction layers
inspired by convolution filters that are popular in CNN architectures to extract visual features
from images. Specifically, as shown in FIG. 6, the feature extraction layer 606 uses 1x2 and 1x1
convolution filters followed by average-pooling, in both row- and column-directions, to represent
rows/columns/header. Unlike general nxm filters used for image tasks (e.g., 3x3 and 5x5 filters
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in VGG and ResNet), the presently employed filters are tailored to the Auto-Tables task. For
instance, 1x2 filters can easily learn-to-compute signal (1) above (e.g., 1x2 filters with +1/-1
weights can identify the representation differences between neighboring cells, which when
averaged, can identify homogeneity in row/column directions). Also, 1x1 filters can easily learn-
to-compute signal (2) above (e.g., 1x1 filters with +1 weights followed by average-pooling,
correspond to representations for entire rows/columns, which can be used to find repeating
patterns in subsequent layers).

[0082] FIGS. 7A and 7B collectively show example model configurations 700 to
demonstrate why these 1x1 and 1x2 filters are effective for extracting tabular features. FIG. 7A
shows a simplified example, when using Column-B of FIG. 2A as input at 702, which has a list
of values “Sports”, “Electronics™, etc. These raw cell values first pass through the embedding
step shown at 704, which is discussed relative to FIG. 8. The embedding step 704 produces a row
of features for each value, with both syntactic features (under the headers “is-string”, “str-length”,
etc.), and semantic features (under the header “s-BERT” for sentence-BERT). This results in an
embedding table 706, where each row corresponds to an input cell.

[0083] Next, this embedding table 706 is passed through 1x1 and 1x2 convolution filters
708, which perform element-wise dot-product operations. Assume the use of a simple “1x1 filter’
shown at the top of the FIG. 7A, with weights [1,0, ...]. Because only the first bit of this simple
filter 1s 1 and the rest is 0, performing a dot-product on the embedding table 706 essentially only
extracts the “is-string” type information of each cell, which in this caseis all 1, leading to a matrix
of [1,1,1,1] (since all cells are of type string) at 710. After average pooling, this results in a single
feature-value 1 to represent a specific aspect of this entire column (in this case, type information)
as indicated at 712.

[0084] Note that this is just one example 1x1 filter — there exists many such Ix1 filters
(shown as stacked in FIG. 7A relative to convolutional filters 708), all of which have leamed
weights that extract different aspects of syntactic/semantic information from input cells (string-
length, semantic-meaning, etc.). This forms a holistic representation of values in the column, to
facilitate downstream comparison of “similar” columns (e.g., to identify repeating rows/columns),
as mentioned above as signal (2) for the auto-table task.

[0085] Also shown on FIG. 7A relative to convolutional filter 708, 1x2 filters, on the other
hand, work to “compare” adjacent values in the same column, which intuitively tests for
homogeneity. For instance, assume there is a simple 1x2 filter with only +1 and -1 weights in the
first column, as shown in FIG. 7A of the convolutional filters 708. Performing a dot-product in
this case “compares” the “is-string” type information for neighboring cells, using a sliding window
for rows from the top to bottom, which results in [0,0,0] at 710. This result is achieved because
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the convolution computes 1+ 1+ 1% (—1) = 0. This is again averaged to produce a feature-
value 0 at 712, indicating no type difference, and thus good homogeneity, in the list of given
values in the column-direction.

[0086] This is again only one example 1x2 filter — there are many other 1x2 filters with
different learned-weights (stacked in convolutional filters 708 of FIG. 7A) that use different
syntactic/semantic features to test for homogeneity between neighboring cells, which corresponds
to the signal (1) to extract as mentioned earlier.

[0087] Recall that the CNN-inspired architecture uses convolution filters to scan line-by-
line, in both row and column directions. So in the row-direction these filters work in a similar
manner.

[0088] FIG. 7B shows the same operations in the row-direction. which uses Row-2 of the
table in FIG. 2A as an example. In this case at 702 a list of heterogeneous cell values includes
“Huffy 18 in.,” “Sports,” “s sk _101,” “5,” etc. In this case, performing a dot-product using the
same 1x2 filter in the convolutional filters 708 produces a feature-vector of [0,0,1] (note that the
last entry 1s 1 because the “is-string” value for the last two input cells are 1 and 0, leading to a
convolutionof 1 * 1 + (—=1) * 0 = 1). Average-pooling would then produce 0.33 here, indicating
inconsistent types for the list of values in the row-direction (0 would indicate homogeneity, with
+1/-1 filter-weights). Other 1x2 filters would work in similar manners, to identify more signals
of heterogeneity in the row-direction, all of which are important ingredients to identify latent
patterns in the table and corresponding transformations.

[0089] These first-levels of features-values from row/column-directions will then go
through a second-level of 1x1 and 1x2 convolution filters, to compare and identify similar
rows/columns (based on row/column representation from 1x1 filters), to ultimately reveal
repeating rows and columns like the color/cross-hatched-coded patterns shown in FIGS. 2A-2D.
These tabular features will pass down to the next output layers, for final classifications.

[0090] The description now returns to FIG. 6 which shows filters relating to classification.
As shown in FIG. 6, output layer(s) 608 use two fully connected layers followed by softmax
classification. This produces an output vector that encodes both the predicted operator-type, and
its parameters. For example, since one technique considers eight possible operator types as shown
in Table 1, the technique can encode this as an eight-dimension one-hot vector, Similarly, as
shown in regard to the output layer 608 parameters of each operator can be represented as
additional bits in the same output vector, resulting in an output vector of 270 dimensions shown
on the extreme right of FIG. 6, which in effect makes multiple predictions (operator-type and
parameters) simultaneously, for a given T. Standard softmax functions can be applied on each
prediction vector, so that the output of each prediction is normalized into a probability distribution.
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[0091] The description now returns to FIG. 4 and is directed toward training the model
and then synthesizing transformation at inference.

[0092] Offline training time 402 can involve a loss function. Given a training input table
T, its ground truth operator O and corresponding parameters P = (py,p,,...). let O and P =
(1, P2, .- - ) be the model predicted probability distributions of O and P respectively. The training
loss on T can be computed as the sum of loss on all predictions (both the operator-type, and
parameters relevant to this operator):

Loss(T) = L(0,0) + pepp.ep Lpi B Y

[0093] Here L(y, y) denotes the cross-entropy loss commonly used in classification — let

y be an n-dimensional ground truth one-hot vector, and y a model predicted vector, L(y,¥) is

defined as:
Ly, 9) = — X1 yilog(®) @)
[0094] Given large amounts of training data T (generated from the self-supervision

training data generation described above), the Auto-Tables model can be trained by minimizing
the overall training loss Y.rer Loss(T) using gradient descent until convergence. This trained
model can be referred to as H.

[0095] Inference time 404 can involve synthesizing transformations. At inference time,
given an input T, the model H produces a probability for any candidate step Op that is instantiated
with operator O and parameters P = (pq, py, -.. ), denoted by Pr(0p|T), as:

Pr(0p|T) = Pr(0) - [Iper Prp) ©)

[0096] Using the predicted probabilities, finding the most likely transformation step Op
given T 1s then simply:

Op = arg maxy pPr(0p|T) 4

[0097] This gives the most likely one-step transformation given T. As shown in FIG. 3,
certain data tables may require multiple transformation steps for this task.

[0098] To synthesize multi-step transformations, predictions can be invoked step-by-step
until no suitable transformation can be found. Specifically, given an input table T, at step (1) the
most likely transformation O} for T can be found using Equation (4), such that the process can
apply O} on T to produce an output table O5(T). The process can be iterated, and at step (2)
05(T) can be fed as the new input table into the model, to predict the most likely 03(T), and
produce an output table 03(03(T)). This iterates until at the k-th step, a “none” transformation
is predicted (recall that “none™ is a no-op operator in the DSL in Table 1, to indicate that the input
table is already relational and requires no transformations). The resulting M = (0}, 0%, ...) then

becomes the multi-step transformations synthesized for the original T'.
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[0099] The procedure above is an intuitive sketch of multi-step synthesis, though it
considers only the top-1 choice at each step. In general, the top-k choices are considered at each
step. to find the most likely multi-step transformations overall. The general search procedure of
the most likely top-k steps can be performed using beam search, as outlined in Algorithm 2.
[00100] Algorithm 2 starts with an empty pipeline M and the original input table T. Each
iteration invokes model H on top-k output tables from the last iteration, to obtain the top k
candidate operators for each (Line 6). The predicted transformations are performed and expand
each M with one additional predicted step to get M,.,, (Line 8), whose probability can be
computed as the product of the probability of its operators (Line 9). If a predicted operator is
“none," a terminal state is reached and saved as a candidate pipeline (Line 10-11). Otherwise, the
current pipeline is kept in the beam for further search (Line 13). At the end of each iteration, all
partial pipelines are ranked by probabilities, and only the top k pipelines with the highest
probability are kept (Line 14). The search 1s terminated after a total of L steps (Line 3), and returns
the top-k candidate operators with the highest probabilities as output (Line 15-16).

Algorithm 2: Multi-step Pipeline Synthesis by top-k Search

input: Auto-Tables model H, mnput table T
output: Top-k predicted pipelines by probabilities: My, M, ... M
Cands = [|. M « [], M.prob = 1 initialize
Beyr < [(T, M)]
fori=12 .. Ldo
Brext < (1
foreach (T,M) n B, do
0p1,0p2.,. 0y« H(T) top k predictions
forj=1,2 .kdo
Thext < Opj(T)’ Myorr < M. append(apj)
M, ext.prob « M.prob X Opj. prob
if Op i = none then
Cands.append(M,,.+)
then
Brext- append((Tnext, Muext))
SOIt Bryexe by M.prob, Beyy < Brexel: k]
Sort Cands by M.prob
return Cands|: k|
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[00101] Algorithm 2 is demonstrated using the following example.

[00102] Example 2. Given the input table T shown on FIG. 3, trained model H is invoked
to predict likely transformations, where the top-2 is: (1) 04:  transpose ~ with probability 0.5,
which leads to an output table 0,(T) (shown in the middle of FIG. 3), (2) 0,: “ stack ” (with
parameters: start-idx = Col-B, end-idx=Col-E) which also has a probability 0.5, that will lead to
an output table 0,(T). Both 1-step candidates {0,, 0,}, are kept and search of possible second
steps continues.

[00103] For the second step, if the technique follows the path of 0; it will operate on 01(T)
as the new input table, for which the top-2 predicted steps are: (1) 05 “stack™ (start-idx = Col-C,
end-idx=Col-E), with probability 0.8, and (2) 0, “none” with probability 0.1. Alternatively, if the
technique follows the path of 0, it would have 0,(T) as the new input, for which it also generates
its top-2. 'This leads to a total of 2 X 2 = 4 possible 2-step transformations, from which the
technique picks the top-2 with the highest probabilities, to continue the search with 3-steps, etc.
[00104] All resulting multi-step transformations are ranked by probabilities. This returns
{01,03} as the most likely (with probability 0.5%0.8 = 0.4), which is indeed the desired
transformation as discussed in Example 2.

[00105] The description above relates to “input-only™ aspects of the synthesis model as it
only uses the characteristics of the input table T to predict transformations M. However,
sometimes this is not enough, as the characteristics of the output table, M(T) would also provide
useful signals. The following example illustrates this aspect.

[00106] In reference to FIG. 3 based only on the input T the model predicts both 0,
“transpose” and 0, “stack™ as possible choices (both with probability=0.5). “Stack™ was
incorrectly ranked high, because from T alone “stack™ looks plausible, as T has a large number of
homogeneous columns (Col-B to E), which fits the typical pattern for “stack” as shown in FIG.
2A.

[00107] The technique can better predict whether 04 or 0, is more suitable, by applying
both programs on T and inspecting the resulting output 0,(T) and 0,(T). Tt can be verified that
for 0,(T) values in the same columns are homogeneous, whereas 0, (T) (using “stack™) leads to
a table where values such as “ES”, “MS” (from “GroupID™) become intermixed with integers in
the same columns, which is not homogeneous and not ideal, and is something that the tabular
model can detect and penalize. Inspecting the output 0, (T) and 0,(T) thus allows the technique
to correctly re-rank 0, as a more likely transformation than 0,, which is difficult when a model
looks at T alone.

[00108] This motivates development of an “input/output-based” re-ranking model
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architecture introduced relative to FIG. 4. FIG. 8 expands on this aspect and shows an example
input/output-based re-ranking model architecture 800 that includes a transformation layer 802,
embedding layer 804, and fully connected layer 806. After the input-only synthesis model (412,
FIG. 4) described above produces top-k likely operators {Op;i € [k]} (e.g., the technique
considers top-8 operators for re-ranking in these experiments), the re-ranking model will look at
all output transformed tables {0,,;(T), { € [k]} and aims to generate a re-ranking score for each of
them indicating which operator is more suitable based on the output transformed tables. To do
so, similar to the input-only model, the technique first converts each transformed data table into a
feature vector using table embedding layer 602, dimension reduction layer 604, and feature
extraction layer 606 as shown in FIG. 6. Since the input-only model has been trained well at this
time, the technique directly reuses the architecture and weights of these layers from the pre-trained
input-model.

[00109] The technique then concatenates the feature vectors of all transformed tables and
uses fully connected lavers followed by a softmax function to produce a k-dimension vector as
re-ranking scores. For training, the technique considers the re-ranking as a classification task to
predict which of the k transformed tables is the ground truth. Thus, the training loss can be
computed using cross-entropy loss. The technique can train the re-ranking model using the same

training data generated from the self-supervision description above.

Experiments
[00110] Extensive evaluations on the performance of different algorithms, using real test
data are described below. The results show that the present methods significantly outperform the
baseline methods in terms of both quality and efficiency.
[00111] An experimental setup and benchmarks for studying the performance of the
methods in real-world scenarios entails ATBench benchmark using real cases from three sources:
(1) online user forums, (2) Jupyter notebooks, and (3) real spreadsheet-tables and web-tables.
[00112] Both technical and non-technical users ask questions on forums, regarding how to
restructure their data tables. Users often provide sample input/output tables to demonstrate their
needs. 23 such questions from StackOverflow and Excel user forums were sampled as test cases.
The user-provided input tables were supplied to Auto-Tables to evaluate whether the correct
transformation can be synthesized to produce the desired output table given by users.
[00113] Data scientists frequently restructure data tables using Python Pandas, often inside
Jupyter Notebooks. 79 table-restructuring steps extracted from the Jupyter Notebooks were
sampled as test cases. The transformations programmed by data scientists were used as the ground
truth.
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[00114] Alarge fraction of tables “in the wild,” such as from spreadsheet applications, such
as Excel and/or the Web, require transformations before they are fit for querying, as shown in
FIGS. 2A-2D and 3. 92 real web-tables and spreadsheet-tables (crawled from a search engine)
were sampled that required such transformations. The desired transformations were manually
written to provide the ground truth.

[00115] As shown in Table 2, combining these sources, provides a total of 194 test cases at
the ATBench (of which 26 cases require multi-step transformations). Each test case consists of

an input table T', a ground-truth transformation My, and an output table My (T') that is relational.

[00116] Table 2: Details of ATBench Benchmark
Forum Notebook Excel+Web  [Total
Single-Step 23 75 70 171
- franspose 0 11 11 22
- stack 10 20 5 35
-witl 6 24 1 31
- explode 2 17 14 33
- fhill 0 0 13 13
- pivot 5 3 0 8
- subtitle 0 0 26 26
Multi-Step 0 4 22 26
Total 23 79 92 194
[00117] The quality and efficiency of different algorithms in synthesizing transformations

is evaluated below.
[00118] In relation to quality, given an input table T, an algorithm 4 may generate top-k
transformations (M, M,,... M), ranked by probabilities, for users to inspect and pick. The

success rate of synthesis using the standard Hit@k metric can be evaluated, defined as:

k
Hit@k(T) = Z 1(71,T) = My(T))

which looks for exact matches between the top-k ranked predictions (M;(T),1 < i < k) and the
ground-truth M, (T). The overall Hit@k on the entire benchmark, 1s then simply the average
across all test cases T. This description reports Hit@k up to k = 3.

[00119] The latency of synthesis using wall-clock time can be representative of efficiency.
All experiments are conducted on a Linux VM with 24 vCPU cores, and 4 Tesla P100 GPUs.
[00120] The description now turns to the compared methods. The present Auto-Tables
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method is the only method that does not require users to provide input/output examples (unlike
other existing methods). In order to train Auto-Tables, 1.4M (input-table, transformation) pairs
were generated evenly distributed across 8 operators, following the self-supervision procedure
described above. This was accomplished using 15K base relational data tables crawled from
public sources. A fixed size of input was taken with the first 100 rows and 50 columns at the top-
left corner of each data table and used zero-padding for tables with less rows or columns. The
method was implemented using PyTorch, trained using Adam optimizer, with a leaming rate of
0.001 for 50 epochs, using a batch size of 256.

[00121] Foofah (FF) synthesizes transformations based on input/output examples. 100
cells from the top-right of the ground-truth output table were used for Foofah to synthesize
programs, which simulate the scenario where a user types in 100 output cells (a generous setting
as it is unlikely that users are willing to provide so many examples in practice). Foofah was tested
using the original implementation and was timed-out in each case after 30 minutes.

[00122] FlashRelate (FR) is another approach to svnthesize transformations based on
input/output examples. The testing provided it with 100 example output cells from the ground-
truth. It was used as an academic re-implementation of FlashRelate for comparison. A similar
time-out of 30 minutes was used for each case.

[00123] SQLSynthesizer (SQ) is a SQL-by-example algorithm that synthesizes SQL
queries based on input/output examples. SQLSynthesizer was provided with 100 example output
cells, and also set a time-out of 30 minutes.

[00124] Scythe (SC) 1s another SQL-by-example method. Scythe was provided with 100
example output cells, like previous methods.

[00125] TaBERT is a table representation approach developed in the NLP literature, and
pre-trained using table-content and captions for NL-to-SQL tasks. To test the effectiveness of
TaBERT in the transformation task, the table representation in Auto-Tables (i.e., output of the
feature extraction layer in Figure 5) was replaced with TaBERTs representation, and trained the
following fully connected layers using the same training data.

[00126] TURL is another table representation approach for data integration tasks. Similar
to TaBERT, the effectiveness of TURL was tested by replacing Auto-Tables representation with
TURL’s.

[00127] GPT-3.5 Type-Only (T-O). GPT is a family of large language models pre-trained
on text and code, which can follow instructions to perform a variety of tasks. While GPT is not
expected to perform well on Auto-Tables tasks (which are tabular in nature), the comparison was
performed nevertheless to establish a baseline. Specifically, the testing used few-shots in-context

learning by prompting GPT-3.5 with pairs of input-table/target-operator (e.g., FIGS. 2A-2D). The
23



10

15

20

25

WO 2024/253922 PCT/US2024/031519
task was simplified for GPT significantly, by asking it to only predict “operator types™ (listed in
Table 1), without requiring it to predict parameters.

[00128] Table 3 shows experimental results and quality comparison between Auto-Tables
and the baselines, evaluated on the benchmark with the 194 test cases shown in Table 2. All
methods are grouped into two classes: (1) “No-example methods™ that do not require users to
provide any input/output examples, which include Auto-Tables, and variants of Auto-Tables that
use TaBERT and TURL for table representations, respectively; and (2) “By-example methods™
that include Foofah (FF), FlashRelate (FR), SQLSynthesizer (SQ), and Scythe (SC), all of which

are provided with 100 ground truth example cells.

Table 3: Quality comparison using Hit@k, on 194 test cases.

No-example methods By-example methods
Method |Auto- |[TaBERT [TURL |GPT-3.5(T-0) [FF [FR [SQ SC
Tables
Hit@) 1 0.562 0.187 0.027 0.216 0.285 10.351 [0 0
Hit@?2 0.68 0.43 0.075 - - - 0 0
Hit@3 0,722 0.539 0.124 - - - 0 0
Upper- - - - - 0.421 1(0.538 10.34 (0.34
bound
[00129] As shown in Table 3, Auto-Tables significantly outperforms all other methods,

successfully transforming 72% of test cases in its top-3, without needing users to provide any
examples. This is despite the task being very challenging — even for a single-step transformation,
there are thousands of possible operators+parameters to choose from (e.g., a table with 50 columns
that requires “stack™ will have 50x50=2,500 possible parameters of start idx and end idx) and for
two-step transformations, the search space is in the millions (e.g., for “stack” alone it is 25002 ~
6M), which makes this clearly non-trivial.

[00130] As shown in Table 3, compared to other no-example methods, Auto-Tables
outperforms TaBERT and TURL respectively by 37 and 53 percentage point on Hit@1, and 18
and 59 percentage point on Hit@3. This shows the strong benefits for using the proposed table
representation and model architecture, which are specifically designed for the table transformation
task.

[00131] Table 3 shows that compared to by-example methods, the improvement of Auto-
Tables is similarly strong. Considering the fact that these baselines use 100 output example cells

(which users need to manually type), whereas the present methods use zero examples, Auto-
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Tables is clearly a better fit for the table-restructuring task at hand. Since some of these methods
(Foofah (FF) and FlashRelate (FR)) only return top-1 programs, the reporting also includes the
last row their “upper-bound” coverage, based on their DSL (assuming all transformations
supported in their DSL can be successfully synthesized).

[00132] A full version result breakdown is shown by benchmark sources. This provides a
drill down on the Auto-Tables quality results, broken down by benchmark data sources (forum,
notebooks, and Excel+web). Table 4 shows the performance of the three best-performing

methods: Auto-Tables (AT), TabERT (TA), FlashRelate (FR), in the interest of space.

Table 4: Quality comparisons, broken down by data sources.

Method Forum Notebook Excel+Web
AT [TA |FR AT TA |FR AT TA FR
Hit @ 1 0.521 |0.217 0.043 0.582 [0.215 |0.278 |0.554 0.154 0.489
Hit (@ 2 10.696 [0.522 | 0.722 0.531 | 0.641 0.319 -
Hit @ 3 10.696 [0.565 | 0.747 0.633 |- 0.706 0.451 -
[00133] It can be seen from Table 4 that the quality of Auto-Tables is consistent across the

three, confirming its effectiveness across diverse test cases arising from different sources.
[00134] Additional results, such as a breakdown by benchmark sources, and Hit@K in the
presence of input tables that are already relational (for which Auto-Tables should detect and
perform no transformations), are also reported.
[00135] Quality comparisons are made in the presence of relational tables. Recall that since
Auto-Tables can detect input tables that are already relational, and predict “none” for such tables,
an additional use case of Auto-Tables is to invoke it on all input tables encountered in spreadsheets
or on the web, which include both relational tables (requiring no transformations) and non-
relational tables (requiring transformations), such that any tables that Auto-Tables predicts to
require transformations can then be surfaced to users to review and approve. Note that this is a
use case that by-example baselines cannot support, as they require users to first manually scan and
identify tables requiring transformations.
[00136] For this purpose, Auto-Tables is tested on the 194 test cases that require
transformations, as well as the corresponding 194 output tables that are already relational and
require no transformations. Using this collection of 388 cases, Auto-Tables was tested to
determine whether it can correctly synthesize transformations on non-relational input and also
whether it can correctly predict “none” on the relational tables not requiring transformations, using
the same Hit@K.
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[00137] Table 5 shows Auto-Tables achieves high quality, suggesting that it does not “over-

trigger” on tables that are already relational, and can be effective at this task.

Table 5.
Method Auto-Tables TaBERT  [TURL
Hit @) 1 0.667 0.276 0.176
Hit @ 2 0.781 0.584 0.392
Hit @) 3 0.829 0.702 0.454
[00138] Table 6 shows run times by comparing the average and 50/90/95-th percentile

latency, of all methods to synthesize one test case. Auto-Tables is interactive with sub-second
latency on almost all cases, whose average is 0.299s. Foofah and FlashRelate take considerably
longer to synthesize, even after excluding cases that time-out after 30 minutes. This 1s also not
counting the time that users would have to spend typing in output examples for these by-example

methods, which makes Auto-Tables substantially more user-friendly for the transformation tasks.

Table 6: Synthesis latency per test case

Method Auto- Foofah FlashRelate
tables (excl. 89 timeout cases) (excl. 91 timeout cases)
50th Percentile 0.168s 0.326s + human effort 3.4s + human effort
90'™ Percentile 0.553s 27.146s + human effort 57.16s + human effort
95t Percentile 0.690s 41.411s + human effort 348.6s + human effort
Average 0.299s 6.995s + human effort 59.194s + human effort
[00139] FIG. 9 shows a graph 900 of performance over number of input cells. Graph 900

reflects the average latency of Auto-Tables, on cases with different number of non-empty input
cells. As shown, the latency grows linearly as the number of cells increases, but since the method
only uses at most the top-left 100 rows and 50 columns to correctly synthesize a program, this is
bounded by a couple of seconds at most. Furthermore, the running time is dominated by
SentenceBERT embedding, which accounts for 91.5% of the latency. In comparison, the actual
inference time of Auto-Tables (line with squares) 1s very small and almost constant.

[00140] Table 7 shows the results of ablation studies to understand the benefit of Auto-

Tables components.
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Table 7: Ablation Studies of Auto-tables

Method [Full No No Re-rank &

Re-rank  [No Aug No Bert No Syn 1x1 Only SxS
Hit@)1 0.562 |0.51 0.454 0.474 0.51 0.49 0.485
Hit@?2 0.680 |0.634 0.572 0.629 0.665 0.613 0.603
Hit@3 0.722 0,716 0.66 0.701 0.696 0.665 0.649
[00141] The contribution of input/output re-ranking is now discussed. The contribution of

re-ranking model 416 (FIGS. 4 and 8) is studied by comparing the performance of Auto-Tables
with and without re-ranking. Table 7 shows that the “Full” method (with re-ranking) produces
substantially better Hit(@)1 and Hit@2 compared to “No Re-rank.”

[00142] To study the benefits of data augmentation in training data generation,
augmentation was disabled when generating training data (i.e., using only the base relational
tables). Table 7 shows this result under “No Aug”, which suggests that the Hit@k drops
substantially, underscoring the importance of data augmentation.

[00143] The testing next examines the contributions of syntactic embedding and semantic
embedding. Recall that some of the implementations use both syntactic embedding and semantic
embedding (sentenceBERT) to represent each cell in the data table. To understand their
contributions, each embedding is removed in tumn, and the results are shown under “No Bert” and
“No Syntactic” in Table 7. Both results show a substantial drop in performance, confirming their
importance (semantic embedding with sentenceBERT is likely more important, as removing it
leads to a more significant drop).

[00144] The testing next examines the contribution of 1D Filters. Recall that some
implementations employ convolution filters of size 1x1 and 1x2 to extract features from rows and
columns as discussed relative to FIG. 6. To understand the effectiveness of this design, the testing
evaluates the method with alterative filters. First, all the 1x2 filters are replaced with 1x1 filters,
with the result labeled “1x1 Only™ showing a significant drop. Second, all filters are replaced
with filters of size 5x5, which is common in computer vision tasks. The result under “5x5” shows
another substantial drop. Table 7 shows that both results confirm the effectiveness of the design
that 1s tailored to data tables.

[00145] The testing next examines sensitivity analysis to understand the effect of different
settings in Auto-tables. Varying input size can be tested. Some Auto-Tables versions feed the
top 100 rows and left-most 50 columns from the input data table T into the model, which is
typically enough to correctly predict the correct transformations. FIG. 10 shows a graph 1000 of
its effect on model performance. Graph 1000 reflects varying the number of rows/columns used
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and shows the input-only model performance. When the number of rows/columns that the model
uses are increased, the resulting quality improves until it plateaus at about 30 columns and 50
rows, in this example.

[00146] FIG. 11 shows a graph 1100 that reflects the quality of Auto-Tables input-only
model with different numbers of convolution filters (the total number of 1x1 and 1x2 filters for
rows/columns before AvgPool in the feature extraction layer 606 in FIG. 6). As shown in FIG.
11, using 32 filters is substantially better than 4 filters, as it can extract more features. However,
the improvement from 32 filters to 64 filters is insignificant, which suggests the quality of the
method reaches a plateau.

[00147] The testing next examines varying embedding methods. Some implementations
initially employed the powerful (but expensive) sentenceBERT as the semantic embedding, which
is known to excel in natural language processing NLP tasks. The testing explores how alternative
embeddings, such as GloVe, and fastText, would perform in the task. The performance of the
input-only model is shown with different embeddings in Table 8. As can be seen, Auto-Tables is
interestingly not sensitive to the exact choice of semantic embedding - using
sentenceBERT/GloVe/fastText achieves similar quality, suggesting that Auto-Tables can operate

at a much lower latency than was shown in FIG. 9, without loss of quality.

Table 8: Sensitivity to different semantic embeddings.

Embedding methods sentenceBERT fastText  |GloVe No Semantic
Hit(a)1 0.51 0.521 0.536 0.474

Hit(a)2 0.634 0.644 0.665 0.629

Hit@3 0.716 0.722 0.727 0.701

Avg. latency per-case 0.299s 0.052s 0.050s 0.026s

w/ this embedding

[00148] The testing now analyzes mistakes that the Auto-Tables model makes on 168 tables

that need a single-step transformation, The testing shows the errors in both predicting operator-
type and parameters.

[00149] Table 9 shows a detailed confusion matrix for single-step top-1 operator-type
predictions. The most common mistakes are between “transpose™ and “stack™ (9), as well as
“wide-to-long™ and “stack™ (6). Both are not unexpected, as their corresponding input tables share
similar characteristics (e.g., the input in FIG. 3 may appear to look like a candidate for “transpose™

as well as “stack,” due to its homogeneous column groups).
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Table 9: Confusion matrix for single-step top-1 predictions.

True \ Pred trans. [stack  wtl explode [ffill |pivot [subtitle [none
trans, 12 0 0 1 0 0 0 0

stack 2 24 1 0 0 0 0 3

witl 0 6 21 0 0 0 0 4

explode 0 0 0 19 0 0 0 14

ffill 0 1 0 1 8 0 0 3

pivot 0 0 0 0 0 3 0 0

subtitle 0 1 0 0 0 0 24 1

[00150] Table 10 shows the accuracy of the parameter predictions for different operators at

the top-1 position. Despite the large space of possible parameters, the predictions are surprisingly
accurate, showing the effectiveness of the CNN-inspired model in extracting patterns from tabular

data.

Table 10: Accuracy of operator parameter predictions.

operator stack stack witl wil explode  ffill pivot

parameter start-idx fend-idx ([start-idx lend-idx [col-idx col-idx |row-freq

Accuracy 0.958 1 0.952 | 0.947 1 0.875

[00151] The Auto-Tables concepts described above provide a technical solution to
automatically relationalize data tables without examples, which addresses a common pain point
for both technical and non-technical users, when they deal with data tables in the wild outside of
relational database settings. Auto-Tables learns-to-synthesize transformations, using a computer-
vision inspired model architecture that exploits the common “visual” patterns in data tables. The
Auto-Tables concepts include a self-supervision framework unique in the data table
transformation setting to overcome the lack of training data, by exploiting the inverse functional
relationships between operators to auto-generate training data, obviating the expensive process of
human labeling. Extensive testing benchmarks are shown for this task by collecting 194 real test
cases from user spreadsheets and online forums. Evaluation suggests that Auto-Tables can
successfully synthesize transformations for over 70% of test cases at interactive speeds (with sub-
second latency).

[00152] Several implementations are described in detail above. FIG. 12 shows a flowchart
of an additional example method. At block 1202, the method can obtain a conforming relational

data table.
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[00153] At block 1204, the method can identify a transformational operation that will
transform the conforming relational data table to a non-conforming data table.

[00154] At block 1206, the method can identify an inverse transformational operation that
will transform the non-conforming data table back to the conforming relational data table.
[00155] At block 1208, the method can train a model with the transformational operation
and the inverse transformational operation. In some cases, the conforming relational data table
and the non-conforming data table can also be used to train the model.

[00156] At block 1210, the method can synthesize a program for a different non-
conforming data table with the trained model.

[00157] At block 1212, the method can transform the different non-conforming data table
into a conforming relational data table with the synthesized program. Note that in some cases, the
different non-conforming data table may be one of many input tables that may or may not be
conforming. The method can recognize if the input table is already a conforming relational data
table. If so, the method will not perform a transformation and can instead apply a “none”
operation. Thus, the method could be applied to a group of data tables, such as all of a user’s data
tables and/or data tables from the Internet. The method could evaluate the group of data tables
and perform transformations to any non-conforming data tables so that all data tables of the group
are conforming relational data tables that can be effectively queried without any additional human
effort.

[00158] The order in which the disclosed methods are described is not intended to be
construed as a limitation, and any number of the described acts can be combined in any order to
implement the method, or an alternate method. Furthermore, the methods can be implemented in
any suitable hardware, software, firmware, or combination thereof, such that a computing device
can implement the method. In one case, the methods are stored on one or more computer-readable
storage media as a set of instructions such that execution by a processor of a computing device
causes the computing device to perform the method.

[00159] FIG. 13 shows an example system 100D. System 100D can include computing devices
1302. In the illustrated configuration, computing device 1302(1) is manifest as a smartphone,
computing device 1302(2) is manifest as a tablet type device, and computing device 1302(3) is
manifest as a server type computing device, such as may be found in a datacenter as a cloud
resource 1304. Computing devices 1302 can be coupled via one or more networks 1306 that are
represented by lightning bolts.

[00160] Computing devices 1302 can include a communication component 1308, a processor
1310, storage resources (e.g., storage) 1312, and/or Auto-Tables component 108.

[00161] The Auto-Tables component 108 can be configured to manage model training and
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usage of the trained model to transform non-conforming data tables (and/or data tables of
unknown status) to conforming relational data tables. The Auto-Tables component can also
generate Uls that allow users to indicate data tables that they want evaluated and transformed if
required. In some cases, the Auto-Tables component 108 may automatically perform the
transformations without user review. In other cases, the Auto-Tables component 108 may present
the input tables (e.g.. non-conforming data tables), transformations and/or output tables (e.g.,
conforming relational data tables) on the UI for user approval.

[00162] FIG. 13 shows two device configurations 1316 that can be employed by computing
devices 1302. Individual computing devices 1302 can employ either configuration 1316(1) or
1316(2), or an alternate configuration. (Due to space constraints on the drawing page, one instance
of each configuration is illustrated). Briefly, device configuration 1316(1) represents an operating
system (OS) centric configuration. Device configuration 1316(2) represents a system on a chip
(SOC) configuration. Device configuration 1316(1) is organized into one or more applications
1318, operating system 1320, and hardware 1322. Device configuration 1316(2) is organized into
shared resources 1324, dedicated resources 1326, and an interface 1328 therebetween.

[00163] In configuration 1316(1), the Auto-Tables component 108 can be manifest as part of
the operating system 1320. Alternatively, the Auto-Tables component 108 can be manifest as part
of the applications 1318 that operates in conjunction with the operating system 1320 and/or
processor 1310. In configuration 1316(2), the Auto-Tables component 108 can be manifest as
part of the processor 1310 or a dedicated resource 1326 that operates cooperatively with the
processor 1310.

[00164] In some configurations, each of computing devices 1302 can have an instance of the
Auto-Tables component 108. However, the functionalities that can be performed by the Auto-
Tables component 108 may be the same or they may be different from one another when
comparing computing devices. For instance, in some cases, each Auto-Tables component 108 can
be robust and provide all of the functionality described above and below (e.g., a device-centric
implementation).

[00165] In other cases, some devices can employ a less robust instance of the Auto-Tables
component 108 that relies on some functionality to be performed by an Auto-Tables component
108 on another device. In one such instance, Auto-Tables component 108 on device 1302(3) (e.g.,
on cloud resources 1304) may oversee model training (e.g., self-supervised training data
generation 102 and model training 104 of FIG. 1). The Auto-Tables component 108 on device
1302(3) and/or Auto-Tables components 108 on device 1302(1) and/or 1302(2) could apply the
trained model for transformation of non-conforming data tables (e.g., automatic conversion 106

of FIG. 1).
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[00166] The term “device,” “computer,” or “computing device” as used herein can mean any
type of device that has some amount of processing capability and/or storage capability. Processing
capability can be provided by one or more processors that can execute data in the form of
computer-readable instructions to provide a functionality. Data, such as computer-readable
instructions and/or user-related data, can be stored on/in storage, such as storage that can be
internal or external to the device. The storage can include any one or more of volatile or non-
volatile memory, hard drives, flash storage devices, and/or optical storage devices (e.g., CDs,
DVD:s etc.), remote storage (e.g., cloud-based storage), among others. As used herein, the term
“computer-readable media” can include signals. In contrast, the term “computer-readable storage
media” excludes signals. Computer-readable storage media includes “‘computer-readable storage
devices.” Examples of computer-readable storage devices include volatile storage media, such as
RAM, and non-volatile storage media, such as hard drives, optical discs, and flash memory, among
others.

[00167] As mentioned above, device configuration 1316(2) can be thought of as a system on a
chip (SOC) type design. In such a case, functionality provided by the device can be integrated on
a single SOC or multiple coupled SOCs. One or more processors 1310 can be configured to
coordinate with shared resources 1324, such as storage 1312, etc., and/or one or more dedicated
resources 1326, such as hardware blocks configured to perform certain specific functionality.
Thus, the term “processor” as used herein can also refer to central processing units (CPUs),
graphical processing units (GPUs), field programable gate arrays (FPGAs), controllers,
microcontrollers, processor cores, hardware processing units, or other types of processing devices.
[00168] Generally, any of the functions described herein can be implemented using software,
firmware, hardware (e.g., fixed-logic circuitry), or a combination of these implementations. The
term “component” as used herein generally represents software, firmware, hardware, whole
devices or networks, or a combination thereof. In the case of a software implementation, for
instance, these may represent program code that performs specified tasks when executed on a
processor (e.g., CPU, CPUs, GPU or GPUs). The program code can be stored in one or more
computer-readable memory devices, such as computer-readable storage media. The features and
techniques of the components are platform-independent, meaning that they may be implemented
on a variety of commercial computing platforms having a variety of processing configurations.
ADDITIONAL EXAMPLES

[00169] Various examples are described above. Additional examples are described below.
One example includes a method comprising obtaining a conforming relational data table,
identifying a transformational operation that will transform the conforming relational data table

to a non-conforming data table, identifying an inverse transformational operation that will
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transform the non-conforming data table back to the conforming relational data table, training a
model with the transformational operation and the inverse transformational operation,
synthesizing a program for a different non-conforming data table with the trained model, and
transforming the different non-conforming data table into a conforming relational data table with
the synthesized program.

[00170] Another example can include any of the above and/or below examples where
identifying a transformational operator comprises selecting the transformational operator from a
set of transformational operators.

[00171] Another example can include any of the above and/or below examples where
identifying a transformational operator comprises identifying a single transformational operator
or multiple serially performed transformational operators.

[00172] Another example can include any of the above and/or below examples where
identifying an inverse transformational operator comprises identifying a single inverse
transformational operator or multiple serially performed inverse transformational operators.
[00173] Another example can include any of the above and/or below examples where the
obtaining comprises obtaining multiple conforming relational data tables, and wherein identifying
a transformational operation and identifying an inverse transformational operation are performed
on each of the multiple conforming relational data tables.

[00174] Another example can include any of the above and/or below examples where the
training the model comprises training the model utilizing the transformational operation and the
inverse transformational operation from each of the multiple conforming relational data tables.
[00175]  Another example can include any of the above and/or below examples where training
a model comprises training the model with the conforming relational data table the non-
conforming data table the transformational operation and the inverse transformational operation
and without any human labeled training data.

[00176] Another example can include any of the above and/or below examples where the
obtaining a conforming relational data table, identifying a transformational operation, identifying
an inverse transformational operation and training a model are performed prior to receiving the
different non-conforming data table.

[00177]  Another example can include any of the above and/or below examples where the
method further comprises generating a user interface and receiving the different non-conforming
data table through the user interface.

[00178] Another example can include any of the above and/or below examples where the
method further comprises presenting the transforming of the different non-conforming data table

into a conforming relational data table on the user interface.
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[00179]  Another example includes a system comprising a processor and a storage resource
storing computer-readable instructions which, when executed by the processor, cause the
processor to obtain conforming relational data tables, generate training data without human
labelling by identifying a transformational operator that will transform an individual conforming
relational data table to a non-conforming data table and an inverse transformational operator that
will transform the non-conforming data table back to the individual conforming relational data
table, and train a model with the training data.

[00180] Another example can include any of the above and/or below examples where the
processor is further configured to synthesize programs with the model for other individual
conforming relational data tables.

[00181] Another example can include any of the above and/or below examples where the
processor is further configured to rank the synthesized programs.

[00182] Another example can include any of the above and/or below examples where the
processor is further configured to re-rank the synthesized programs with input-output re-ranking.
[00183] Another example can include any of the above and/or below examples where the
processor 1s further configured to receive an additional data table, utilize the model to synthesize
a program to transform the additional data table into a conforming relational data table.

[00184] Another example can include any of the above and/or below examples where the
processor 1s further configured to cause a user interface to be generated and to receive the
additional data table via the user interface.

[00185] Another example includes a computing device comprising hardware and an Auto-
Tables component configured to utilize a trained model to synthesize a program to transform an
input data table into a conforming relational data table.

[00186] Another example can include any of the above and/or below examples where the Auto-
Tables component is further configured to cause a user interface to be generated and to receive
the input data table via the user interface.

[00187] Another example can include any of the above and/or below examples where the Auto-
Tables component is further configured to cause the transformation of the input data table into the
conforming relational data table to be presented on the user interface.

[00188]  Another example can include any of the above and/or below examples where the Auto-
Tables component is further configured to recognize if the input data table is already a conforming
relational data table and to not transform the input table.

CONCLUSION

[00189] The description includes novel Auto-Tables concepts. Although the subject matter

has been described in language specific to structural features and/or methodological acts, it is to
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be understood that the subject matter defined in the appended claims is not necessarily limited to
the specific features or acts described above. Rather, the specific features and acts described
above are disclosed as example forms of implementing the claims and other features and acts
that would be recognized by one skilled in the art are intended to be within the scope of the

claims.
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CLAIMS
1. A method (1200) comprising;
obtaining (1202) a conforming relational data table;
identifying (1204) a transformational operation that will transform the conforming
relational data table to a non-conforming data table;
identifying (1206) an inverse transformational operation that will transform the non-
conforming data table back to the conforming relational data table;
training (1208) a model with the transformational operation and the inverse
transformational operation;
synthesizing (1210) a program for a different non-conforming data table with the trained
model; and,
transforming (1212) the different non-conforming data table into a conforming relational
data table with the synthesized program.
2. The method of claim 1, wherein identifying a transformational operator comprises
selecting the transformational operator from a set of transformational operators.
3. The method of claim 1, wherein identifying a transformational operator comprises
identifying a single transformational operator or multiple serially performed transformational
operators.
4 The method of claim 3, wherein identifying an inverse transformational operator
comprises identifying a single inverse transformational operator or multiple serially performed
inverse transformational operators.
5. The method of claim 1, wherein the obtaining comprises obtaining multiple conforming
relational data tables, and wherein identifying a transformational operation and identifying an
inverse transformational operation are performed on each of the multiple conforming relational
data tables.
6. The method of claim 5, wherein the training the model comprises training the model
utilizing the transformational operation and the inverse transformational operation from each of
the multiple conforming relational data tables.
7. The method of claim 1, wherein training a model comprises training the model with the
conforming relational data table the non-conforming data table the transformational operation and
the inverse transformational operation and without any human labeled training data.
8. The method of claim 1, wherein the obtaining a conforming relational data table,
identifying a transformational operation, identifying an inverse transformational operation and
training a model are performed prior to receiving the different non-conforming data table.

9. The method of claim 8, further comprising generating a user interface and receiving the
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different non-conforming data table through the user interface.
10.  The method of claim 9, further comprising presenting the transforming of the different
non-conforming data table into a conforming relational data table on the user interface.
11. A system (100), comprising:
a processor (1310); and,
a storage (1312) resource storing computer-readable instructions which, when executed by
the processor, cause the processor to:
obtain conforming relational data tables;
generate training data without human labelling by identifying a
transformational operator that will transform an individual
conforming relational data table to a non-conforming data table and
an inverse transformational operator that will transform the non-
conforming data table back to the individual conforming relational
data table; and.
train a model with the training data.
12. Thesystem of claim 11, wherein the processor is further configured to synthesize programs
with the model for other individual conforming relational data tables.
13.  Thesystem of claim 12, wherein the processor 1s further configured to rank the synthesized
programs.
14, The system of claim 13, wherein the processor is further configured to re-rank the
synthesized programs with input-output re-ranking.
15.  The system of claim 14, wherein the processor is further configured to receive an
additional data table, utilize the model to synthesize a program to transform the additional data
table into a conforming relational data table.
16.  The system of claim 15, wherein the processor is further configured to cause a user
interface to be generated and to receive the additional data table via the user interface.
17. A computing device (1302), comprising;
Hardware (1322); and,
an Auto-Tables component (108) configured to utilize a trained model to synthesize a
program to transform an input data table into a conforming relational data table.
18.  The computing device of claim 17, wherein the Auto-Tables component is further
configured to cause a user interface to be generated and to receive the input data table via the user
interface.
19.  The computing device of claim 18, wherein the Auto-Tables component is further

configured to cause the transformation of the input data table into the conforming relational data
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table to be presented on the user interface.

20.  The computing device of claim 17, wherein the Auto-Tables component is further

configured to recognize if the input data table is already a conforming relational data table and to

not transform the input table.
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