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Gábor Recski

TU Wien

gabor.recski@tuwien.ac.at

CSH seminar
06/22/2022



Information extraction (IE)

text IE structured data



IE example: Text classification

[9]



IE example: Named Entity Recognition (NER)

[4, Ch. 22]



IE example: Relation extraction

[15]



IE example: Slot filling

[8]



IE approaches: machine learning

Process:

▶ annotate training data

▶ train model

▶ if solution is inadequate, blame the data and/or the user

▶ repeat (until funding runs out)

Why are ML models inadequate?

▶ learns patterns, not tasks

▶ learns artefacts/unintended bias [1, 3, 10, 13, 14, 7, 11]

▶ not configurable

▶ limited/false explainability [2, 11]

▶ black box (even for developers!)
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IE approaches: rule-based systems

▶ explainable, interpretable

▶ flexible, customizable

▶ reliable

▶ auditable

Why isn’t everyone using them?

▶ they are, actually. . .

▶ expensive to build and maintain/reconfigure

▶ requires both domain and tech expertise

▶ need to model variability of natural language for
each task
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Our approach: semantics-based IE

Step 1: map text to a generic intermediate (semantic)
representation

▶ task-independent

▶ domain-independent

▶ syntax-independent

▶ language-independent∗

Step 2: map semantic representation to task-specific
structures

▶ as specific as necessary

▶ intuitive model of the task’s semantics
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Our approach: semantics-based IE

Semantic parsing and inference
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The BRISE use-case

Zoning plans (Flächenwidmungs- und Bebauungspläne)
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The BRISE use-case

Textual regulations (Textliche Bestimmungen)



The BRISE rule extraction task
Flachdächer bis zu einer Dachneigung von fünf Grad sind entsprechend
dem Stand der technischen Wissenschaften zu begrünen.

Flat roofs with a pitch not exceeding 5 degrees must be greened using
state of the art technologies.

{" modality ": "obligation",

"attributes ": [

{"type": "content",

"name": "BegruenungDach" ,

"value": true},

{"type": "condition",

"name": "Dachart",

"value": "Flachdach" },

{"type": "condition",

"name": "DachneigungMax" ,

"value": "5Grad "}]}



Semantics-based IE

Semantic parsing and inference

c1

c2

c3

c4

0

1

0

0 c1

c2

c3

c4

0

1

0

0 c1

c2

c3

c4

0

1

0

0

Task1
rules

Task2
rules

Task3
rules

Task1 output Task2 output Task3 output

Task-specific components

Generic components

w1 w2 w3 w4 w5

poss

nsubj

advmod xcomp

w1 w2 w3 w4 w5

poss

nsubj

advmod xcomp

w1 w2 w3 w4 w5

poss

nsubj

advmod xcomp

Universal Dependency (UD) parsing

Task1 input Task2 input Task3 input



Extraction via graph patterns

Flachdächer bis zu einer Dachneigung von fünf Grad sind . . . zu
begrünen.
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Extraction via graph patterns

Flachdächer bis zu einer Dachneigung von fünf Grad sind . . . zu
begrünen.

BegrueungDach



Extraction via graph patterns

Die Gebäudehöhe darf höchstens 7,5 m betragen.

GebaeudeHoeheMax
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But how can we build such rules efficiently?
And without much technical background?



▶ pure Python library for building rule-based text classifiers
over graphs

▶ interactive UI for human-in-the-loop (HITL) learning of
graph patterns

▶ supports multiple linguistic graph formalisms (UD, AMR,
stanza)

▶ provides a REST-API to use extracted features for
inference in production mode

▶ open-source (MIT license), installable via pip



HITL learning
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HITL learning



HITL learning

. . .



HITL learning



POTATO workflow



Thank you!

Questions?

Code:

▶ https://github.com/recski/tuw-nlp

▶ https://github.com/adaamko/POTATO

Reading:

▶ POTATO: paper [6] and blogpost [5]

▶ On building semantic graphs [12]

https://github.com/recski/tuw-nlp
https://github.com/adaamko/POTATO
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[5] Ádám Kovács. Using POTATO for interpretable information extraction.
https://towardsdatascience.com/using-potato-for-interpretable-information-extraction-

f2081a717eb7. 2022.
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Mapping from syntax to semantics

Dependency Edge

advcl, advmod, amod, . . . w1
0−→ w2

nsubj, csubj, . . . w1
1
⇌
0

w2

obj, ccomp, . . . w1
2−→ w2

nmod:poss w2
1←− HAS

2−→ w1

*:tmod w1
1←− AT

2−→ w2

. . .

w1
obl−−→ w2

case−−→ w3 w1
1←− w3

2−→ w2

w1
acl:relcl−−−−→ w2

nsubj−−−→ w3 w1
0−→ w2
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