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(57) Abstract: A database stores a collection of spreadsheet documents (CSD) describing an industrial system. The aim of the method
is to create a digital twin of the industrial system on demand and on-the-fly in order to answer a given query. To this end, the spreadsheet
documents are processed by a spreadsheet pre- processor (SPP) and a table encoder (TE). The query is pro- cessed by a graph pre-
processor (GPP) and a graph encoder (GE). A table retriever (TR) computes a relevance score for each table that is proportional to
a probability that the ta- ble is relevant to answer the query. Focusing on the most relevant tables, a cell retriever (CR) retrieves for
each cell a relevance score that is proportional to a probability that the cell is relevant to answer the query. Finally, a us- er interface
outputs the cell with the highest relevance score as an answer to the query. [n other words, the method first retrieves relevant spreadsheet
documents for a given query and then retrieves matching cells. As a result, a novel neural retrieval model and end-to-end training
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procedure are provided that allow to retrieve relevant information from spreadsheet documents with on-demand queries. Users do not
have to manually look for relevant documents from which in- formation should be extracted. This saves substantial ex- perts' time.
The neural retrieval model can be trained with respect to any standard schema depending on the domain of the industry (eClass for
automation, Bricks for building technol- ogy, ISO-95).
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Description

Method and system for information retrieval

The digitalization of data in industry, i.e., building so-
called “digital twins” of machines, products, and processes
is a major challenge. One of the main problems is that rele-
vant information is stored in disparate data sources using
different or no schemas at all. Due to lack of tool-support
engineers often simply maintain spreadsheets. This leads not
only to unaligned schemas, but also introduces a great varie-
ty in vocabulary, since every engineer has his own way of de-

scribing technical concepts.

On the other hand, there exist standardized industrial vocab-
ularies and schemas such as IS0-15926 or eClass. These sche-
mas can be represented in form of a multi-graph, where clas-
ses and entities are nodes which are connected through named

relationships.

Typically, such spreadsheets are roughly organized in tabular
form, where each row represents an entity (machine, product,
process, etc.), and each column represents some property of
that entity.

Fig. 3 shows an example of simple machine spreadsheets, a
first spreadsheet document SD1 and a second spreadsheet docu-
ment SD2, each containing a free-text title describing a ta-
ble below. The column names can also be any free text de-
scribing the content of that column. These descriptions and
names depend on the individual taste of the engineer and
their semantics are hard to interpret even for other engi-
neers. Abbreviations like “Wol.” and misspellings “Tnk” in-
stead of “Tank” make information extraction difficult. Addi-
tionally, the disambiguation of technical properties “Capaci-
ty” as a kind of volume versus “Heat Capacity” as a tempera-

ture coefficient is necessary when interpreting the tables.
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While the first spreadsheet document SD1 is relevant for a
schema graph SG taken from IS0-15926-14 and shown in Fig. 1,

the second spreadsheet document SD2 is not.

Since i1t is usually unclear which spreadsheet documents con-
tain what kind of information, the first step of selecting

relevant documents is already a challenge. Processing large
amounts of irrelevant documents may lead to many falsely ex-

tracted facts.

This is shown in Fig. 3 in the second spreadsheet document

SD2. An employee sheet may also have columns that incorrectly
match to the standard vocabulary. In this case “Sales Volume”
should be ignored since the whole table is irrelevant for the

digital twin creation.

In industry, according to the state of the art data engineers
manually align semi- or unstructured data sources to a stand-
ardized target schema. The data engineers build Extract,
Transform, Load (ETL) pipelines without knowing the domain,
which leads to long communication loops between data engi-

neers and domain experts.

There are some Information Extraction systems available for
general-purpose Named Entity Recognition (NER) and Relation
Extraction - with state-of-the-art transformer architectures
(BERT, Roberta, ..). However, the types of entities are not
relevant for industry, e.g., Person, Company, or Currency.
Domain adaptation of such transformer models 1s very expen-

sive and requires substantial amounts of training data.

It is an object of the present invention to identify a prob-
lem in the prior art and to find a technical solution for
this.

The objectives of the invention are solved by the independent

claims. Further advantageous arrangements and embodiments of
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the invention are set forth in the respective dependent

claims.

According to the method for information retrieval, the fol-
lowing operations are performed by components, wherein the
components are hardware components and/or software components
executed by one or more processors:

- providing, by a database, a collection of spreadsheet
documents, with each spreadsheet document containing a
table with a header row and body rows, wherein each body
row contains body cells and corresponds to an entity,
wherein each column of the table corresponds to a proper-
ty of the respective entities, and wherein the header row
contains header cells naming the respective properties,

- transforming, by a spreadsheet pre-processor, each table
into a numerical tensor representation by outputting a
sequence of cell tokens for each header cell and each
body cell,

- encoding, by a transformer-based table encoder, the se-
quences of cell tokens into header cell embeddings and
body cell embeddings,

- transforming, by a graph pre-processor, a query graph
representing a query into node token sequences and a nu-
merical adjacency tensor,

- encoding, by a graph encoder, the node token sequences
and the numerical adjacency tensor into a query graph em-
bedding,

- computing, by a table retriever, a relevance score for
each table that is proportional to a probability that the
table is relevant to answer the query, and selecting ta-
bles with the highest relevance scores,

- retrieving, by a cell retriever, for each cell of the ta-
bles with the highest relevance scores a relevance score
that is proportional to a probability that the cell is
relevant to answer the query, and

- outputting, by a user interface, the cell with the high-

est relevance score as an answer to the query.
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The system for information retrieval comprises the following

components, wherein the components are hardware components

and/or software components executed by one or more proces-

Sors:

- a database, storing a collection of spreadsheet docu-
ments, with each spreadsheet document containing a table
with a header row and body rows, wherein each body row
contains body cells and corresponds to an entity, wherein
each column of the table corresponds to a property of the
respective entities, and wherein the header row contains
header cells naming the respective properties,

- a spreadsheet pre-processor, configured for transforming
each table into a numerical tensor representation by out-
putting a sequence of cell tokens for each header cell
and each body cell,

- a transformer-based table encoder, configured for encod-
ing the sequences of cell tokens into header cell embed-
dings and body cell embeddings,

- a graph pre-processor, configured for transforming a que-
ry graph representing a query into node token sequences
and a numerical adjacency tensor,

- a graph encoder, configured for encoding the node token
sequences and the numerical adjacency tensor into a query
graph embedding,

- a table retriever, configured for computing a relevance
score for each table that is proportional to a probabil-
ity that the table is relevant to answer the query, and
selecting tables with the highest relevance scores,

- a cell retriever, configured for retrieving for each cell
of the tables with the highest relevance scores a rele-
vance score that is proportional to a probability that
the cell is relevant to answer the query, and

- a user interface, configured for outputting the cell with

the highest relevance score as an answer to the query.

The following advantages and explanations are not necessarily

the result of the object of the independent claims. Rather,
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they may be advantages and explanations that only apply to

certain embodiments or variants.

In connection with the invention, unless otherwise stated in
the description, the terms "training", "generating", "comput-
er—-aided", "calculating", "determining™, "reasoning", "re-
training" and the like relate preferably to actions and/or
processes and/or processing steps that change and/or generate
data and/or convert the data into other data, the data in
particular being or being able to be represented as physical

quantities, for example as electrical impulses.

The term "computer”" should be interpreted as broadly as pos-
sible, in particular to cover all electronic devices with da-
ta processing properties. Computers can thus, for example, be
personal computers, servers, clients, programmable logic con-
trollers (PLCs), handheld computer systems, pocket PC devic-
es, mobile radio devices, smartphones, devices or any other
communication devices that can process data with computer
support, processors and other electronic devices for data
processing. Computers can in particular comprise one or more

processors and memory units.

The method and system, or at least some of their embodiments,
phrase the task of extracting relationships between entities
(facts) from spreadsheets according to schema graphs as a
neural information retrieval model that first retrieves rele-
vant spreadsheet documents for a given query and then re-

trieves matching cells.

The method and system, or at least some of their embodiments,
provide a novel neural retrieval model and end-to-end train-
ing procedure that allows to retrieve relevant information

from spreadsheet documents with on-demand queries.

The method and system, or at least some of their embodiments,
retrieve information according to standardized schemas such
as IS0-15926.
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Users do not have to manually look for relevant documents
from which information should be extracted. This saves sub-

stantial experts' time.

The neural retrieval model can be trained with respect to any
standard schema depending on the domain of the industry
(eClass for automation, Bricks for building technology, ISO-
95).

An embodiment of the method comprises the initial operations
of outputting, by the user interface, a schema graph with
nodes and edges, with the nodes representing the entities and
classes, and with each edge representing a relationship be-
tween one of the entities and one of the classes and a rela-
tionship type, and detecting, by the user interface, a user
interaction that selects the query graph as a subgraph from

the schema graph.

In another embodiment of the method, the final outputting op-
eration outputs a ranked list of cells with the highest rele-

vance scores.

In an embodiment of the method and system, the table retriev-
er processes the header cell embeddings, the body cell embed-
dings, and the query graph embedding as input, and the cell
retriever processes the header cell embeddings, and the body
cell embeddings from the tables with the highest relevance

scores, as well as the query graph embedding as input.

In another embodiment of the method and system, each table

contains a title and the spreadsheet pre-processor outputs a
sequence of cell tokens for the title, which the table encod-
er encodes into a context embedding, which the table retriev-

er and/or the cell retriever process as input.
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In another embodiment of the method and system, the table en-
coder uses shared token embeddings that are also used by the

graph encoder.

In another embodiment of the method and system, the table en-
coder contains a token encoder producing a single latent rep-
resentation for each sequence of cell tokens, wherein the to-
ken encoder is a neural network, in particular a LSTM or a
transformer model, and a table transformer, in particular im-
plemented with a TaBERT transformer architecture or a TURL

transformer architecture with multi-head self-attention.

In another embodiment of the method and system, the graph en-
coder contains a graph neural network, in particular a graph
convolutional network or a graph attention network, and a

pooling mechanism.

In another embodiment of the method and system, the table re-

triever and/or the cell retriever 1s a decoder network.

In another embodiment of the method and system, the entities
are entities of an industrial system, in particular of an in-

dustrial automation system.

The computer program product comprises instructions which,
when the program is executed by a computer, cause the comput-

er to carry out the method.

The provisioning device for the computer program product

stores and/or provides the computer program product.

The foregoing and other aspects of the present invention are
best understood from the following detailed description when
read in connection with the accompanying drawings. For the
purpose of illustrating the invention, there are shown in the
drawings embodiments that are presently preferred, it being
understood, however, that the invention is not limited to the

specific instrumentalities disclosed. The embodiments may be
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combined with each other. Furthermore, the embodiments may be
combined with any of the features described above. Unless
stated otherwise, identical reference signs denote the same
features or functionally identical elements between drawings.

Included in the drawings are the following Figures:

Fig. 1 shows a first embodiment,
Fig. 2 shows another embodiment,
Fig. 3 shows a schema graph SG and its matching to a first

spreadsheet document SDI1,

Fig. 4 shows an overall system architecture of a neural

retrieval model NRM,

Fig. b5 shows the operation of a spreadsheet pre-processor
SPP,

Fig. 6 shows the operation of a table encoder TE,

Fig. 7 shows the operation of a graph encoder GE,

Fig. 8 shows the operation of a table retriever TR,

Fig. 9 shows the operation of a cell retriever CR,

Fig. 10 shows artificial training data generation,

Fig. 11 shows a closed-loop use case for the method and

system, and

Fig. 12 shows a flowchart of a possible exemplary embodi-

ment of a method for information retrieval.

In the following description, various aspects of the present
invention and embodiments thereof will be described. However,
it will be understood by those skilled in the art that embod-
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iments may be practiced with only some or all aspects there-
of. For purposes of explanation, specific numbers and config-
urations are set forth in order to provide a thorough under-
standing. However, it will also be apparent to those skilled
in the art that the embodiments may be practiced without

these specific details.

The described components can each be hardware components or
software components. For example, a software component can be
a software module such as a software library; an individual
procedure, subroutine, or function; or, depending on the pro-
gramming paradigm, any other portion of software code that
implements the function of the software component. A combina-
tion of hardware components and software components can oc-
cur, in particular, if some of the effects according to the
invention are preferably exclusively implemented by special
hardware (e.g., a processor in the form of an ASIC or FPGA)

and some other part by software.

Fig. 1 shows one sample structure for computer-implementation

of the invention which comprises:

(101) computer system

(102) processor

(103) memory

(104) computer program (product)
(105) user interface

In this embodiment of the invention the computer program 104
comprises program instructions for carrying out the inven-
tion. The computer program 104 is stored in the memory 103
which renders, among others, the memory and/or its related
computer system 101 a provisioning device for the computer
program 104. The computer system 101 may carry out the inven-
tion by executing the program instructions of the computer
program 104 by the processor 102. Results of invention may be

presented on the user interface 105. Alternatively, they may
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be stored in the memory 103 or on another suitable means for

storing data.

Fig. 2 shows another sample structure for computer-

implementation of the invention which comprises:

(201) provisioning device

(202) computer program (product)
(203) computer network/Internet
(204) computer system

(205) mobile device/smartphone

In this embodiment the provisioning device 201 stores a com-
puter program 202 which comprises program instructions for
carrying out the invention. The provisioning device 201 pro-
vides the computer program 202 via a computer net-
work/Internet 203. By way of example, a computer system 204
or a mobile device/smartphone 205 may load the computer pro-
gram 202 and carry out the invention by executing the program

instructions of the computer program 202.

In a variation of this embodiment, the provisioning device
201 is a computer-readable storage medium, for example a SD
card, that stores the computer program 202 and is connected
directly to the computer system 204 or the mobile de-
vice/smartphone 205 in order for it to load the computer pro-
gram 202 and carry out the invention by executing the program

instructions of the computer program 202.

Preferably, the embodiments shown in Figs. 4 to 12 can be im-

plemented with a structure as shown in Fig. 1 or Fig. 2.

Digital twin creation from semi- or unstructured sources can
be phrased as an information extraction problem, e.g., rela-
tion extraction from tabular data. Such a system should ex-
tract as much structured information as possible, which can

then be queried by a user.
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For example, to build or enrich a digital twin, it would be
desirable to automatically extract entities, their proper-
ties, and relationships according to a standardized schema

from the semi-structured contents of spreadsheets.

The embodiments described in the following start directly
with the query phase, where a user gives a structured query
@ and the system should return the best matching cells
P(cell| Q) in a collection of spreadsheet documents. Therefore,
the digital twin is created “on-demand” in an information re-

trieval setting.

We assume that the tabular data are entity tables, where each
row corresponds to an entity and each column is a property of
that entity.

The data source of the system is a collection of spreadsheet
documents D ={T;}, and each spreadsheets represents an entity
table T; =(C,H,B) as a triple. The table context C = (w;,w,,..w;)
is a sequence of words (e.g., the sheet title, a name or a
description). The table header H ={hq, hy, ..,hy} is a set of m
header cells. The table body B ={by1,b17, ....,bym} is the set of
table body cells having n rows and m columns. Each body cell
bi; = (wy,wy, ..., w;) and header cell h; = (wy,wy, .., W) is also a se-

quence of words.

Further a schema graph is defined as a multi-graph G = (V,E),
where V is the node set (classes and entities) and E C

RXV XV is the edge set (relationships between entities and
classes) with the set of all relationship types R. A query

graph Q is defined a subgraph of G.

Label scarcity problem
The problem of machine learning models for information re-

trieval is that it is extremely costly to get human expert

labels since this requires that a domain expert needs to be
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familiar with the spreadsheet contents as well as the target

schema.

The following embodiments specify different approaches on how
to artificially generate training data for the information

retrieval task.

Fach of the following embodiments refers to one or both of

the following technical features:

a) A neural information retrieval model, and

b) an end-to-end training procedure.

Each of these technical features is described in more detail

below.

Neural Information Retrieval

Component Architecture

Fig. 4 shows an overall system architecture of a neural re-
trieval model NRM.

Inputs to the (trained) neural retrieval model NRM are a col-
lection of spreadsheet documents CSD and a query graph QG
(given from a user). The output of the neural retrieval model
NRM are top-k matching cells TkMC, which are presented as a
ranked top-k list of matching spreadsheet cells.

The internal components of the neural retrieval model NRM
will be described in more detail with regard to Figs. 5 - 11.
Among the internal components are a spreadsheet pre-processor
SPP, receiving the collection of spreadsheet documents CSD
and outputting for each document a tokenized context, header,
and body TCHRBR to a transformer-based table encoder TE. The
table encoder TE also receives shared token embedding STE and

outputs latent table representations LTR to a table retriever
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TR, which outputs top-k matching tables TkMT to a cell re-
triever CR, which outputs the top-k matching cells TkMC.

Among the internal components of the neural retrieval model
NRM are also a graph pre-processor GPP feeding into a graph
encoder GE, which also receives the shared token embeddings
STE. The graph encoder GE feeds a latent graph representation
LGR, which is a graph embedding of the query graph 0G, to the
table retriever TR and to the cell retriever CR. In the fol-
lowing figures and embodiments, the latent graph representa-

tion LGR is termed query graph embedding QGE.

Spreadsheet Preprocessing

Before tables contained in the collection of spreadsheet doc-
uments CSD can be encoded they need to be transformed into a

numerical tensor representation.

Fig. 5 shows the operation of the spreadsheet pre-processor
SPP, receiving as input a spreadsheet document S containing a
title TT and a table T.

The spreadsheet pre-processor SPP outputs a sequence of cell
tokens SCT for each cell in the table T. It also separates a
table header TH containing header cells for each column from
a table body TB containing body cells of the table T, as well
as a table context TC that is based on the title TT.

Tokenization of each cell and the title TT can be done in
different ways, either on character-, word- or word-piece

(token) level.

Transformer-based Table Encoder

The operation of the table encoder TE is shown in Figure 6.
The first step in the table encoder TE is to feed the se-
quences of cell tokens SCT of the header cells HC and the

body cells BC into a token encoder. The token encoder is a
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neural network that produces a single latent representation
for each sequence of cell tokens SCT. For example, LSTMs or

transformer models could be used here.

The latent representation of the sequence of cell tokens SCT
is now the cell representation. A latent representation is

also computed for the table context TC by the token encoder.

The latent representations of the header cells HC, the body
cells BC, and the table context TC are then processed by mul-
tiple layers of a table transformer (e.g., a TaBERT or TURL
transformer architecture) with a multi-head self-attention
that allows cell embeddings to pass neural messages. The ta-
ble transformer is also part of the table encoder TE. The ta-
ble transformer computes and outputs a context embedding CE
representing the table context TC, header cell embeddings HCE
representing the header cells HC, and body cell embeddings
BCE representing the body cells BC.

Yin P., Neubig G., Yih W., Riedel S., TABERT: Pretraining for
Joint Understanding of Textual and Tabular Data, ACL 2020,
discloses the TaBERT transformer architecture. The entire
contents of that document are incorporated herein by refer-

ence.

Deng et al., TURL: table understanding through representation
learning, VLDB 2020, discloses the TURL transformer architec-
ture. The entire contents of that document are incorporated

herein by reference.

As shown in Fig. 6, a self-supervised masked-cell pre-
training (masking a masked cell MC from the table encoder TE
during training) 1is also possible for domain adaptation. How-

ever, this is not required.

The token encoder contained in the table encoder TE also re-
ceives shared token embeddings STE, which will be explained

with regard to Fig. 7.
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Graph Encoder

Fig. 7 shows the operation of the graph encoder GE.

Before the query graph QG can be fed to the graph encoder GE
it is pre-processed by a graph pre-processor GPP. Similar to
the operation of the spreadsheet pre-processor and table en-
coder, the text in each graph node is tokenized into a se-

quence of tokens, resulting in node token sequences NTS. The
relations between nodes are transformed into a numerical ad-

jacency tensor AT.

These two inputs are then fed into the graph encoder GE. The
graph encoder GE can be implemented with any graph neural
network (GNN) architecture, such as Graph Convolutional Net-
work (GCN), Graph Attention Network, etc. The token embed-
dings of the graph encoder GE are shared with the table en-
coder TE as shared token embeddings STE to make matching more
efficient (require less training data). To get a single graph
embedding a pooling operation is needed, e.g., max-pooling or
a more advanced parameterized pooling operation can be used
here. The final output is a query graph embedding QGE con-
sisting of a d-dimensional vector DDV, which is a latent rep-

resentation of the query graph 0G.

Table Retriever

Fig. 8 shows the operation of the table retriever TR.

The table retriever TR is a decoder network that takes the
context embedding CE, the header cell embeddings HCE, the
body cell embeddings BCE, and the query graph embedding QGE
as input and outputs a score P(T|Q) that is proportional to
the probability that the given table is relevant to answer
the given query. The table retriever TR can be a simple feed-
forward network that pools context embedding CE, the header
cell embeddings HCE, and the body cell embeddings BCE into a
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single pooled table embedding. The output is then the dot-
product of the table embedding and the query graph embedding
QGE, followed by a sigmoid layer.

P(TIQ) ~ a(tTq)

where t is the pooled table embedding, and q is the query
graph embedding QGE. BRased on the output of the table re-

triever, top-k relevant tables TkMT are selected.
Cell retriever

Fig. 9 shows the operation of the cell retriever CR as a sec-

ond decoder.

The cell retriever CR is similar to the table retriever but
operates on a body cell embedding level. It takes the top-k
relevant tables TkMT and scores all body cells with the given
query. More specifically, the cell retriever uses as input
the query graph embedding QGE on the one hand and the context
embedding CE, the header cell embeddings HCE, and the body
cell embeddings BCE for the top-k relevant tables TkMT on the
other hand.

The output P(bulQ) of the cell retriever CR is then propor-
tional to the probability that a body cell is relevant for

the given query.
T
P(bi,le) ~ O-(bi,jq)
where b;; is the body cell embedding BCE in the i-th row and
Jj-th column. Based on the output of the cell retriever, top-k
relevant cells TkMC are selected.

End-to-end Training Procedure

Artificial training data generation
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Fig. 10 shows artificial training data generation, wherein a
subgraph of a schema graph SG leads to a query graph QG and
an artificial table AT.

As mentioned above, labeled training data is very expensive
to obtain and usually does not exist in companies today.
Hence, for the task of cell retrieval, artificial tables are
generated by a table generator TGEN with the following proce-

dure:

1. A property node and its surrounding neighborhood nodes in
the schema graph SG are sampled (marked with a thick line
in Fig. 10).

2. A table generator TGEN assigns every property node in the

neighborhood to a column in the artificial table AT.

3. The table generator TGEN assigns every class node (e.g.,

Machine) to a column in the artificial table AT.

4., The table generator TGEN turns instances of the class

nodes into rows in the artificial table AT.

5. The table generator TGEN samples cell values for proper-
ties from a range of numerical values (optionally with

unit of measure) or strings.

6. To make the system more robust, spellings of column names

may be perturbed with noise by the table generator TGEN.

A query generator QGEN generates a query graph QG from the
sampled property node in step 1 and its surrounding neighbor-

hood nodes in the schema graph SG.

This procedure leads to training data Dnum;:{(Qp(TL{bLk})

Qz(Tb{bzAD} with query @;, relevant table T; and list of rele-
vant body cells bg.
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Any supervised information retrieval training procedure can
be used to fit the neural retrieval model NRM. For example,
standard discriminative training using a cross—-entropy-loss

and negative sampling:

loss = Z log P(b;x|Q;) +log(1 — P(b;x|Q:))

Qi.b i k€Dtrain

where b;, 1s a negative sample, i.e. an irrelevant body cell.

The neural retrieval model NRM is trained to retrieve a top-1
matching cell TIMC in the artificial table AT.

Fig. 11 shows an application of the neural retrieval model
NRM in a closed-loop use case for automatically documenting
compliance & regulation procedures. Here, the neural retriev-
al model NRM is used in a closed-loop fashion, where no human
is involved. For example, compliance and regulation proce-
dures in chemical plants often need to document which materi-
als are processed and if the machines are certified for such
processing. A regulation compliance system RCS automatically
creates a query represented by a query graph QG for a specif-
ic machine with hazardous substances (e.g., the carcinogen
1,3-Butdiene) according to a standardized schema represented
by a schema graph SG. The neural retrieval model NRM accesses
a collection of spreadsheet documents CSD as described above.
The documents/cells that are retrieved by the neural retriev-

al model NRM are then saved for eventual compliance checks.

Fig. 12 shows a flowchart of a possible exemplary embodiment

of a method for information retrieval.

In a providing operation OP3, a database provides a collec-
tion of spreadsheet documents, with each spreadsheet document
containing a table with a header row and body rows, wherein
each body row contains body cells and corresponds to an enti-

ty, wherein each column of the table corresponds to a proper-
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ty of the respective entities, and wherein the header row

contains header cells naming the respective properties.

In a transforming operation OP4, a spreadsheet pre-processor
transforms each table into a numerical tensor representation
by outputting a sequence of cell tokens for each header cell

and each body cell.

In an encoding operation OP5, a transformer-based table en-
coder encodes the sequences of cell tokens into header cell

embeddings and body cell embeddings.

In a transforming operation 0OP6, a graph pre-processor trans-
forms a query graph representing a query into node token se-

quences and a numerical adjacency tensor.

In an encoding operation OP7, a graph encoder encodes the
node token sequences and the numerical adjacency tensor into

a query graph embedding.

In a computing operation OP8, a table retriever computes a
relevance score for each table that is proportional to a
probability that the table is relevant to answer the query

and selects tables with the highest relevance scores.

In a retrieving operation OP9, a cell retriever retrieves for
each cell of the tables with the highest relevance scores a
relevance score that is proportional to a probability that

the cell is relevant to answer the query.

In a final outputting operation OP10, a user interface out-
puts the cell with the highest relevance score as an answer

to the query.

In a possible variant of this embodiment, the user interface
outputs a schema graph with nodes and edges in an initial
outputting operation OPl, with the nodes representing the en-

tities and classes, and with each edge representing a rela-
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tionship between one of the entities and one of the classes

and a relationship type.

The user interface then performs a detecting operation OPZ2,
detecting a user interaction that selects the query graph as

a subgraph from the schema graph.

For example, the method can be executed by one or more pro-
cessors. Examples of processors include a microcontroller or
a microprocessor, an Application Specific Integrated Circuit
(ASIC), or a neuromorphic microchip, in particular a neuro-
morphic processor unit. The processor can be part of any kind
of computer, including mobile computing devices such as tab-
let computers, smartphones or laptops, or part of a server in

a control room or cloud.

The above-described method may be implemented via a computer
program product including one or more computer-readable stor-
age media having stored thereon instructions executable by
one or more processors of a computing system. Execution of
the instructions causes the computing system to perform oper-
ations corresponding with the acts of the method described

above.

The instructions for implementing processes or methods de-
scribed herein may be provided on non-transitory computer-
readable storage media or memories, such as a cache, buffer,
RAM, FLASH, removable media, hard drive, or other computer
readable storage media. Computer readable storage media in-
clude various types of volatile and non-volatile storage me-
dia. The functions, acts, or tasks illustrated in the figures
or described herein may be executed in response to one or
more sets of instructions stored in or on computer readable
storage media. The functions, acts or tasks may be independ-
ent of the particular type of instruction set, storage media,
processor or processing strategy and may be performed by
software, hardware, integrated circuits, firmware, micro

code, and the 1like, operating alone or in combination. Like-
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wise, processing strategies may include multiprocessing, mul-

titasking, parallel processing, and the like.

The invention has been described in detail with reference to
embodiments thereof and examples. Variations and modifica-
tions may, however, be effected within the scope of the in-
vention covered by the claims. The phrase “at least one of A,
B and C” as an alternative expression may provide that one or

more of A, B and C may be used.
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Patent claims

1.

A computer implemented method for information retrieval,
wherein the following operations are performed by compo-
nents, and wherein the components are hardware components
and/or software components executed by one or more pro-
cessors:

providing (OP3), by a database, a collection of spread-
sheet documents (CSD), with each spreadsheet document
containing a table (T) with a header row and body rows,
wherein each body row contains body cells (BC) and corre-
sponds to an entity, wherein each column of the table (T)
corresponds to a property of the respective entities, and
wherein the header row contains header cells (HC) naming
the respective properties,

transforming (OP4), by a spreadsheet pre-processor (SPP),
each table (T) into a numerical tensor representation by
outputting a sequence of cell tokens (SCT) for each head-
er cell (HC) and each body cell (BC),

encoding (OP5), by a transformer-based table encoder
(TE), the sequences of cell tokens (SCT) into header cell
embeddings (HCE) and body cell embeddings (BCE),
transforming (OP6), by a graph pre-processor (GPP), a
query dgraph (QG) representing a query into node token se-
quences (NTS) and a numerical adjacency tensor (AT),
encoding (OP7), by a graph encoder (GE), the node token
sequences (NTS) and the numerical adjacency tensor (AT)
into a query graph embedding (QGE),

computing (OP8), by a table retriever (TR), a relevance
score for each table (T) that is proportional to a proba-
bility that the table (T) is relevant to answer the dque-
ry, and selecting tables with the highest relevance
scores (TkMT),

retrieving (0OP9), by a cell retriever (CR), for each cell
of the tables with the highest relevance scores (TkMT) a
relevance score that is proportional to a probability

that the cell is relevant to answer the query, and
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outputting (OP10), by a user interface, the cell with the

highest relevance score as an answer to the query.

The method according to claim 1, with the initial opera-
tions of

outputting (OPl), by the user interface, a schema graph
(SG) with nodes and edges, with the nodes representing
the entities and classes, and with each edge representing
a relationship between one of the entities and one of the
classes and a relationship type, and

detecting (0OP2), by the user interface, a user interac-
tion that selects the query graph (QG) as a subgraph from
the schema graph (SG).

The method according to any of the preceding claims,
wherein the final outputting operation (OP10) outputs a

ranked list of cells with the highest relevance scores.

The method according to any of the preceding claims,
wherein the table retriever (TR) processes the header
cell embeddings (HCE), the body cell embeddings (RBCE),
and the query graph embedding (QGE) as input, and

wherein the cell retriever (CR) processes the header cell
embeddings (HCE), and the body cell embeddings (BCE) from
the tables with the highest relevance scores (TkMT), as
well as the query graph embedding (QGE) as input.

The method according to claim 4,

wherein each table (T) contains a title (TT) and the
spreadsheet pre-processor (SPP) outputs a sequence of
cell tokens (SCT) for the title (TT), which the table en-
coder (TE) encodes into a context embedding (CE), which
the table retriever (TR) and/or the cell retriever (CR)

process as input.

The method according to any of the preceding claims,
wherein the table encoder (TE) uses shared token embed-

dings (STE) that are also used by the graph encoder (GE).
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The method according to any of the preceding claims,
wherein the table encoder (TE) contains

a token encoder producing a single latent representation
for each sequence of cell tokens (SCT), wherein the token
encoder is a neural network, 1in particular a LSTM or a
transformer model, and

a table transformer, in particular implemented with a
TaBERT transformer architecture or a TURL transformer ar-

chitecture with multi-head self-attention.

The method according to any of the preceding claims,
wherein the graph encoder (GE) contains

a graph neural network, in particular a graph convolu-
tional network or a graph attention network, and

a pooling mechanism.

The method according to any of the preceding claims,
wherein the table retriever (TR) and/or the cell retriev-

er (CR) is a decoder network.

The method according to any of the preceding claims,
wherein the entities are entities of an industrial sys-

tem, in particular of an industrial automation system.

A system for information retrieval, comprising:

a database, storing a collection of spreadsheet documents
(CSD), with each spreadsheet document containing a table
(T) with a header row and body rows, wherein each body
row contains body cells (BC) and corresponds to an enti-
ty, wherein each column of the table (T) corresponds to a
property of the respective entities, and wherein the
header row contains header cells (HC) naming the respec-
tive properties,

a spreadsheet pre-processor (SPP), configured for trans-
forming (OP4) each table (T) into a numerical tensor rep-
resentation by outputting a sequence of cell tokens (SCT)
for each header cell (HC) and each body cell (BC),
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a transformer-based table encoder (TE), configured for
encoding (OP5) the sequences of cell tokens (SCT) into
header cell embeddings (HCE) and body cell embeddings
(BCE) ,

a graph pre-processor (GPP), configured for transforming
(OP6) a query graph (QG) representing a query into node
token sequences (NTS) and a numerical adjacency tensor
(AT),

a graph encoder (GE), configured for encoding (OP7) the
node token sequences (NTS) and the numerical adjacency
tensor (AT) into a gquery graph embedding (QGE),

a table retriever (TR), configured for computing (OP8) a
relevance score for each table (T) that is proportional
to a probability that the table (T) is relevant to answer
the query, and selecting tables with the highest rele-
vance scores (TkMT),

a cell retriever (CR), configured for retrieving (0OP9)
for each cell of the tables with the highest relevance
scores (TkMT) a relevance score that i1s proportional to a
probability that the cell is relevant to answer the que-
ry, and

a user interface, configured for outputting (OP10) the
cell with the highest relevance score as an answer to the

query.

Computer program product comprising instructions which,
when the program is executed by a computer, cause the
computer to carry out a method according to one of the

method claims.

Provisioning device for the computer program product ac-
cording to the preceding claim, wherein the provisioning
device stores and/or provides the computer program prod-

uct.
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