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ABSTRACT

a wealth of research in representing, reasoning and planning procedures for many years [4, 7]. Procedures may
have complex structure, and it is most natural for us to
communicate them in natural language. We hope that
with the recent progress in natural language processing and information extraction we can start to extract
procedures from text. Our hope is to make possible to
easily populate knowledge bases capable of doing deep
reasoning about procedures and time so that computers
may one day assist regular people in their daily lives.

We present our progress on a fully automated system
that extracts procedures from text. The system extracts a structured, plan-like graph that represents the
procedure described in the text it was given. We hope
such a system can be used to populate knowledge bases
with real-world procedures that will fuel procedure representation and reasoning research geared towards everyday applications. The results obtained on the training data indicate that the task, and the method presented are feasible and should be investigated further.
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1.

Procedures and Procedural Text

The structure of procedures presented here is a simplification of the action/event representation in the Scone
Knowledge Base System[3]. Procedures are composed
of three kinds of actions: 1) elementary actions, actions
that the agent is assumed to know (“cut”, ”slice”); 2)
abstract actions, actions that are constructed through
logical relations between other actions (“cut or slice”);
3) sub-procedures, actions that have defined procedures
for themselves (“To make the sauce, ...”) In this simplified representation, there can be six relations between
actions. Abstract actions are constructed through ‘or’,
‘and’ and ‘equals’ relations between other actions. The
actions in a sub-procedure have part-of relations with
the sub-procedure action. Finally, any action may have
‘do after’ or ‘do during’ relations with other actions.

INTRODUCTION

Information extraction is the field of extracting structured data from unstructured or partially structured
text. The ultimate goal is to store the extracted information in a knowledge base which will hopefully fuel
further applications and research. We can see this trend
in named entity extraction [1, 5] and POS tagging [6].
In this paper, we outline a method of extracting procedures from text and present our preliminary experiments on cooking recipes.

The structure of procedures can be complex, and to
limit confusion, people have developed a strict style in
procedural text. Furthermore, elementary actions are
assumed to be known by the reader, which limits the
vocabulary of mentionable actions. These make automated extraction both feasible, and relatively easy.
Procedural text is usually in the imperative mood, so
most action words are in the root form (“Stir in the
sauce.”). However, the progressive aspect may be used
when there is a ‘do during’ relation (“While baking,
...”), and the infinitive may be used to signal an upcoming sub-procedure (“To make the sauce ...”). Conjunctions and disjunctions of actions are usually made explicit through connectives (“and”, “or”), whereas equivalences between actions are usually left to the reader to
identify. Equivalences can usually be inferred from ac-

A procedure is a manner of executing a set of actions to
accomplish a greater task. We will refer to any text describing a procedure as procedural text. There has been
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4.

Table 1: Recipe extraction results
Method
% correct
gold standard tokens
53.5%
gold standard tokens + rules
55.2%
CMM-SVM tokens
45.5%
CMM-SVM tokens + rules
47.1%

CONCLUSIONS AND FURTHER WORK

Given this first working prototype with only a few rules
written, half of the recipes could be extracted correctly.
We find these results very encouraging, and we hope
that once the system is fully implemented more than
70% of the procedures can be extracted correctly.

tion words that are repeated or with hyper/hyponymy
relations (“Simmer the chicken for 40 minutes. While
cooking ...”). The order which the action tokens appears is usually congruent to the temporal sequence of
actions in the procedure, however sometimes temporal
adverbs can signal an incongruity. Not every possible
way to convey the relations between actions are listed
here, but these are how most people communicate them.

The goal of this system is to extract plan-like graphs for
the procedures described in text. This involves finding
what actions are involved in the procedure, and what relations between them exist. More complete understanding and extraction of procedures require background
knowledge and reasoning to resolve ambiguities, to fill
in unstated assumptions and to guide a more complex
grammar or rule-set. This system by itself is a start
for such understanding and could be useful in building
large knowledge bases with some human effort.
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METHOD
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We present a simple yet effective method for extracting
procedures from text. First, action tokens are identified. A sequential procedure is constructed using these
tokens and their order of appearance in the text. Then,
a set of rules identify parallel actions, abstract actions
and sub-procedures in the sequence and modify the sequence accordingly. Finally, the sequence may be reordered according to any temporal adverbs or modifiers
that alter the sequence of actions in the procedure.
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We experimented with various sequential taggers using the MinorThird[2] toolkit to identify action tokens
and found the Conditional Markov Model with Support
Vector Machine inner learners to be the most effective.
This model would usually need a lot of training data,
but the strict style and limited vocabulary in procedural text makes the learning problem much simpler. We
use a simple regular expression based rule system and at
the moment, only parallel action rules may be defined.

[2] W. W. Cohen. Minorthird: Methods for identifying
names and ontological relations in text using
heuristics for inducing regularities from data, 2004.
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with the procedure they described. We have split the
data into a 650 training and 350 testing set. The results
presented here are only on the training set. We are
reserving the test set for the fully implemented system.
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We used a CMM with SVM inner learners to identify
action tokens. The learner achieved a 96.8% F-1 score
on the training set (5-fold cross validation) on identifying action tokens. As of now, only a few parallel action
rules are written. Results are shown in Table 1. A
procedure is correctly extracted, if all actions and relations between them were correctly extracted. The table shows results for using gold standard action tokens
versus using CMM-SVM tokens, and using the parallel
rules versus not using the rules for each case.
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