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Abstract. Constructing a sophisticated experiential knowledge base for solving
daily problems is essential for many intelligent human centric applications. A key
issue is to convert natural language instructions into a form that can be searched
semantically or processed by computer programs. This paper presents a method-
ology for automatically detecting actionable clauses in how-to instructions. In
particular, this paper focuses on processing non-imperative clauses to elicit im-
plicit instructions or commands. Based on some dominant linguistic styles in
how-to instructions, we formulate the problem of detecting actionable clauses
using linguistic features including syntactic and modal characteristics. The ex-
perimental results show that the features we have extracted are very promising
in detecting actionable non-imperative clauses. This algorithm makes it possible
to extract complete action sequences to a structural format for problem solving
tasks.

Keywords: Problem solving tasks, action sequence extraction, actionable expres-
sion detection, how-to instructions.

1 Introduction

People’s experiential problem solving knowledge is useful in various daily situations
especially if it becomes available immediately on the spot. When having to go to a
decent local food restaurant in a strange city, for example, a number of questions may
arise: how should I choose a restaurant that goes well with my appetite, what’s the best
transportation to get there on time, which segment of the bus line is optimal for avoiding
traffic jam during the rush hour, how do I buy a bus ticket without cash, etc.

Such knowledge has been made available online in digital form and has been increas-
ing with the help of personal blogs and Web 2.0 sites, e.g., QA and wiki pages. Due to
the sheer amount of such knowledge, which keeps increasing by the second, and the
need to get such knowledge quickly on the spot, it becomes more and more important
to make how-to instructions in natural language into the form that can be processed
by a computer program or searched accurately and understood clearly by humans. For
instance, an instructional sentence “Clean the bowl completely with mineral spirits on
a rag” can be converted into the following manner: {ACTION: clean, TARGET:
bowl, INSTRUMENT: mineral spirits on a rag}.
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Converting human-generated problem-solving instructions written in English into
a structured format is very challenging, since the instructions are written in different
styles at different levels of abstraction, and also by various people with different
educational and cultural backgrounds. It is more so when the domain for problem
solving is not limited. One important characteristic of this task, however, is that how-to
instructions are comprised of instructional steps, which form a sub-language. For this
reason, the task is more amenable to automation and practical than the general-purpose,
domain-independent information extraction problem.

The steps in how-to instructions are mainly written in an imperative form, making
the task of identifying key components like ACTION, TARGET, INSTRUMENT,
TIME and PLACE somewhat easier to deal with than general sentences. Lau et
al. [1] tackled the problem of interpreting imperative sentences in instructional steps
for Web commands and labeling ACTION, VALUE, and TARGET TYPE. Jung et
al. [2,3] attempted to identify ACTION, OBJECT, TIME, and PLACE from imperative
sentences in instructional steps.

Performable actions are usually assumed to be expressed explicitly in the form of
“do this” in an imperative sentence. However, they are also implicitly expressed in a
non-imperative style, as shown in the following examples.

(1) So you should change your cover letter to reflect that.
(2) I encourage you to try out for a sport.
(3) You need to practice twice a week.
(4) You can find articles about Silly Bandz in magazines and newspaper.

Each sentence above contains a performable action with a different degree of impor-
tance to achieving a goal. When a sentence or expression contains a performable action,
we call it actionable.

This paper focuses on the problem of automatically detecting actionable expressions
in instructions. Sentences in instructional steps are segmented into expressions so
that the decision is made on the smallest possible units. Because of the variations in
instructional steps, it is important to ensure that all performable actions are captured.
We analyzed a variety of instructions and identified syntactic and modal features
that characterize actionable expressions, which are then used for classification of
expressions into actionable and non-actionable classes.

Our contribution of this paper lies in the following: 1) formulation of the concept
of actionable clause detection for how-to instructions, which helps finding required
actions for completing a problem solving task; 2) an introduction to features and their
generation methods for actionable clause detection, which are shown to be highly
effective in identifying actionable expressions; 3) experiments that show the values
of feature types in actionable expression detection as well as the very high overall
performance we obtained, which shows feasibility and provides a key step for building
a full function of action information extraction from how-to instructions across all
domains.

The rest of the paper is organized as follows. We begin with a brief overview of
related work in Section 2. Section 3 describes various features for actionable expression
detection. We report on the experiments and present the results in Section 4. We then
close with a conclusion and future work.
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2 Related Work

Actionable information extraction in how-to instruction is a relatively new task where
natural language processing and text mining techniques play a significant role. Although
there is little prior work for the specific problem addressed in this paper, some related
work exists that attempts to understand and interpret action information in email,
dialogue, weblogs, and how-to instructions. Interestingly, most approaches to process
how-to instructions undergo difficulties in tackling non-imperative sentences and their
interpretations for inferring actionable sentences.

Detecting action item in email [4,5] and dialogue structure [6,7] was attempted in the
past. To understand email through detection of action items, Cohen et al. [4] described
an ontology of ‘speech acts’ that subsumes action items. The ontology consist of activity
verbs (e.g., propose, request, commit, and refuse) and their associated nouns (including
meetings, and short-term/long-term activities). It treats each email as a learning instance
with the speech acts class-label. Meanwhile, Bennett and Carbonell [5] considered
whether accuracy can be increased by marking the specific sentences and phrases of
interest rather than in the unit of documents. Finer-grained sentence level detection
outperformed coarse-grained document level detection.

For action item detection in dialogues, Purver et al. [6] employed individual
classifiers to detect a set of distinct action item dialogue act (AIDA) classes (i.e.
task description, timeframe, ownership and agreement) in a small corpus of simulated
meetings. They extended the problem into open-domain conversational speech [7].
While the detection problem is difficult, they improve accuracy by considering local
dialog structure. Especially, multiple independent sub-classifiers are used to build a
hierarchical classifier which exploits the local dialog structure and utterance features,
such as n-gram, utterance (durational and locational features), prosodic, time expression
tags, general dialogue act class from the ICSI-MRDA annotation [8], and context (e.g.
preceding 5 utterances).

Park et al. [9] proposed a method of detecting experience-revealing sentences from
weblogs. They observed that experience-revealing sentences have a certain linguistic
style and employed various linguistic features (including tense, mood, aspect, modality,
experiencer, and verb classes) for the detection task. As a key enabler for that, they
automatically constructed activity/event verb lexicon based on Vendler’s theory [10]
and statistics utilizing a web search engine.

As a recent approach to understand and interpret human-written instructions, Lau
et al. [1] compared three different methods: keyword-based, grammar-based, and
machine learning based methods. Their interpreted results were represented as a
command, C = (A: the type of action to perform, V: the textual parameter to an action,
T: the target on which to act). They considered only imperative sentences which cover
more than 50% of all data, and their interpretation modules were limited to sentences
that can be converted into a tuple (A, V, T) format. It was reported that their interpreters
fail to correctly interpret many of the instructions due to noisiness and incompleteness
of human-written instructions. Moreover, their task was limited to the domain of web
tools consisting of only 43 tasks.

Jung et al. [2,3] successfully extracted activity knowledge from how-to instructions.
Tenorth et al. [11] were able to extract complex task descriptions from the web and
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translate them into executable robot plans. However, their modules’ application was
limited to imperative statements. In many cases, this is not enough for a successful
execution, and the missing pieces of information need to be processed to complete the
plans.

Chen and Mooney’s model [12] learns how to interpret and follow free-form
navigation instructions without prior linguistic knowledge by observing how humans
follow instructions. Goldwasser and Roth’s model [13] and Branavan et al.’s model [14]
learn ways to win by reading game manuals based on machine learning methods. One
common motivation is to rid of manual feedback in gaming environments.

This paper focuses on detecting actionable expressions in how-to instructions for
the purpose of building full action sequences from the instructions. Unlike previous
work, our work deals with non-imperative expressions without any domain or coverage
limitations.

3 Features for Actionable Expression Detection

A how-to instruction corresponds to a problem solving task and consists of steps to
solve the problem. Steps in each how-to instruction have one or more sentences, and
each sentence can be segmented into expression units. An expression unit is defined as
a clause that contains at least one verb phrase which also corresponds to a performable
action. As such, a how-to instruction is converted into a sequence of steps, each of
which has one or more performable action units. In this paper, however, we concentrate
on detecting individual expression units in non-imperative sentences, whose results will
be essential for the conversion process.

In order to devise a way to detect actionable expressions, we first performed a
qualitative analysis on how-to instructions (i.e. wikiHow articles). We found that
actionable expressions can be found based on two different types of computable
features: syntax and modality. Because how-to instructions have some dominant
linguistic characteristics, we composed feature vectors representing the characteristics.

3.1 Syntactic Features

Based on the linguistic characteristics we have obtained by using Stanford PCFG Parser
for English [15] and Stanford Dependency Parser [16], we automatically captured
the following syntactic features and used them as actionable expression detection
classifiers. These primitive features are sometimes used jointly to detect higher level
features as can be seen in Section 3.2.

Clause Type. The clause type of an expression unit has a discriminating ability, since
a usual subordinate clause represents suppositional information or mentions just a fact,
and this indicates that the expression unit is not actionable.

Person. The person of an expression unit indicates whether or not the main subject of
an action is the actual reader. If it is not the second person, the expression unit is usually
non-actionable.
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Auxiliary Verb. An auxiliary verb usually conveys the modality of a sentence such as
ability, possibility, and obligation, which in turn help detecting actionable expressions.
We identified 12 auxiliary verbs that are linked to the main predicate using the
dependency relations in parsing results.

Voice. The voice of an expression unit shows whether the main predicate is expressed
actively or passively. In most cases, active voice of the main predicate makes the
expression actionable.

Tense. Tense of an expression unit also has a discriminating ability since actionable
expressions usually occur with a present tense. Past tense usually indicates events
or facts that already occurred whereas future tense indicates events or guesses the
occurrence at a later time.

Polarity. Polarity of an expression unit has a discriminating ability since actionable
expressions usually occur with affirmative polarity whereas negative polarity usually
means a prohibited or irrelative action for the problem solving task.

3.2 Modality Features

Our qualitative analysis of the data set revealed that instructional clauses can be
classified into four categories bearing on linguistic modality. We have identified two
usual deontic modality types, obligation, permission, which are commonly found in
non-imperative clauses. In addition, we have identified two epistemic modality types
that are also common in instructional clauses, explanation and supposition.

Obligation. An instructional clause belonging to this category forces the readers into
or forbids the readers from following the instruction. This kind of instructional clauses
usually contains a deontic auxiliary verb in their expression.

(5) You have to ask about the car. [actionable]
(6) You must not communicate this. [non-actionable]

Permission. An instruction belonging to this category gives the reader an option to take
a certain action. This kind of instructional clause is usually expressed with an auxiliary
verb such as ‘can’ or ‘may’.

(7) You can search for the world weather. [actionable]
(8) You do not have to buy it. [non-actionable]

Explanation. An instructional clause belonging to this category provides an interpre-
tation or assertion about a fact or current situation. This kind of clauses is usually ex-
pressed in declarative style.

(9) The cost for delivery is already included. [non-actionable]
(10) Soda drinks have been part of our culture. [non-actionable]
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Supposition. An instructional clause belonging to this category adds epistemic
modality to a proposition for less certainty. This type of clauses contain auxiliary like
‘would’ and ‘may’ but are non-actionable.

(11) You will have access to the world weather. [non-actionable]
(12) You may not even notice. [non-actionable]

Once instructional clauses are identified as belonging to one of the four categories, they
can be easily classified into either actionable or non-actionable. In other words, those
that belong to the obligation and permission categories are likely to be actionable, while
others that belong to the explanation and supposition categories are not. For higher
certainty, additional features such as polarity must be used together.

4 Experiments

In order to evaluate the features introduced in Section 3, we built classifiers for detecting
actionable expression units as well as for determining the feature classes. The latter is
used to evaluate accuracy of feature generation methods, which may influence accuracy
of the actionable expression detection method. Our experiments using machine learning
methods are conducted in WEKA [17].

We built a how-to instruction collection by crawling all the article pages in wikiHow.
To train and test our classifiers, we sampled 300 articles randomly from all the domains
in wikiHow. Our collection contains about 11,000 expression units, 44% of which are
non-imperative clauses.1 To determine actionable units and modality of the expressions,
each expression unit was manually tagged by trained annotators for its modality and
whether it is actionable or not. The annotators were instructed to consider our purpose
of building a problem-solving knowledge base when the decisions were made. The
inter-annotator agreements were checked with the Cohen’s Kappa [18]. The average
agreement rate was 0.902 for modality feature annotation and 0.889 for actionable
clause annotation. This indicates that the agreements among annotators were quite high
although it was less clear to determine actionable expressions.

4.1 Feature Generation

Our syntactic feature generation methods work on the result of the syntactic parsers we
employed. We first ran an experiment for accuracy of generating the features by using
30 how-to articles in our collection to check for errors from the design of our method or
the parsers. The result of automatic generation methods was compared to that of manual
generation. As in Table 1, precision values are very high regardless of the features with
a possible exception of voice. Note that performance of auxiliary verb detection is the
weighted sum of the binary classifications for 12 types of auxiliary verbs.

For the generation of modality features, we trained four binary classifiers using the
syntactic features generated automatically. We used Naive Bayes (NB), Decision Trees

1 The dataset with human annotations is available for research purpose in
http://jihee.kr/research/non-imperative/

http://jihee.kr/research/non-imperative/


278 J. Ryu, Y. Jung, and S.-H. Myaeng

Table 1. Syntactic feature generation

Feature type Precision Recall F1
Clause Type 0.994 0.856 0.920
Person 0.961 0.880 0.917
Auxiliary Verbs 0.956 0.861 0.905
Voice 0.886 0.870 0.876
Tense 0.972 0.903 0.936
Polarity 0.992 0.992 0.992

(DT), and Support Vector Machines (SVM) as learning algorithms. As in Table 2, the
modality features were also generated with very high accuracy for all the algorithms.
The high performance for the feature generation methods allowed us to give high
credibility to the result of the actionable expression detection method, which is our
ultimate goal in this paper. The second column in Table 2 shows the number of
expression units containing each feature out of a total of 4,898 expression units in our
test set.

Table 2. Modality feature generation

Feature type # Clauses F1(NB) F1(DT) F1(SVM)
Obligation 188 0.932 0.956 0.966
Permission 698 0.886 0.942 0.950
Explanation 1742 0.957 0.994 0.998
Supposition 2350 0.975 0.991 0.992

4.2 Actionable Expression Detection

We aim to validate the usefulness of the proposed features. We compared the perfor-
mance in terms of F1 measure. Table 3 shows the overall performance of using dif-
ferent feature types. Using syntactic features alone, the performance was already quite
high. The performance was improved with the addition of the generated modality fea-
tures. The overall result indicates that using the combination of syntactic features and
the modality features is very effective in detecting actionable expressions in how-to in-
structions. To the best of our knowledge, it is the first time to define and tackle this
problem, and it turned out that within the dataset, the problem is quite manageable if
we use the selected features.

Table 3. Actionable meaning detection

Trained features F1(NB) F1(DT) F1(SVM)
Syntactic features 0.933 0.942 0.948
+ Modality features 0.862 0.963 0.966
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It was observed that when the modality features were added to the DT classifier, first
division in forming a decision tree was done with the modality features and then the
next by syntactic features. It indicates that modality features have higher discriminating
power. We conjecture that even though modality features were derived from syntactic
features, using macro features in addition to micro features (i.e. syntactic ones here)
contributes to increased effectiveness.

4.3 Failure Analysis

We reviewed misclassified expression units and analyzed why they failed to detect
actionable clauses. First, one obvious reason was the dynamic expression styles of
actionable clauses. For instance, the clause “Men must wear long pants” was classified
as non-actionable. We assumed that the model had been trained by the evidence
that most actionable clauses were expressed with a second person subject, but this
actionable clause is expressed with a third person subject. Moreover, similar syntactic
characteristics make it difficult to build a distinct decision boundary. For instance, the
clause “You can be misunderstood” was classified as actionable because ‘can’ is usually
expressed as permission. However, human annotators interpreted it as supposition, and
it should be a non-actionable clause.

Second, the failure of correct syntactic feature generation has resulted in incorrect
detection. For instance, a clause starting with an additional prepositional phrase
sometimes caused an error in person feature generation. To make matters worse, the
clause like “Your should keep your pace” contain a critical typographical error. Human
readers can comprehend the intended meaning and subject, but the feature generation
module could not process it properly. The worst case was a radically shortened
expression like “You can!”, from which our module could get almost no evidence.

Third, the subtleness of an actionable clause sometimes induces a different opinion
and makes the decision subjective. For instance, the clause “You should also consider
the strength of the router’s signal” is tagged as non-actionable by two annotators, but
the third annotator and our trained model regarded it as actionable. The two annotators
interpreted it as a cognitive process and not containing an action to take physically
while it has usual characteristics of an actionable clause. Our trained model failed to do
a perfect job in actionable clause detection due to the aforementioned reasons, but we
believe some of them are also somewhat difficult for human to make a correct decision.

5 Conclusion

We introduced the actionable clause detection problem as an essential task for building a
problem solving knowledge base from how-to instructions. Detecting actionable clause
is challenging because many clauses in instructional steps are non-imperative sentences.
Viewing the detection task as a classification problem, we focused on generation and
examination of various linguistic features based on syntax and modality. For modality,
we defined four features that determine the degree of freedom to act. The experimental
results show our proposed features are very effective for actionable clause detection.
Each feature type plays a mutually complementary role so that the strong classification
boundary can be built.
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Our effort for identifying key features in detecting actionable non-imperative
sentences was found to be very successful with a relatively cleaned data. The problem
we tackled, for the first time to the best of knowledge, turned out to be quite manageable
with the features. However, there still remain some issues to be resolved such as
anaphora resolution and implicit meaning/intent resolution. The next step would be
to investigate how to extract key elements from actionable clauses, such as targets and
instruments as well as actions, so that it becomes more amenable to provide solutions
or recommendable actions for a given problem at hand.
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