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Abstract

wikiHow is a website that offers over
250,000+ instructional how-to articles
containing rich world knowledge. One im-
portant type of such knowledge is the tem-
poral ordering of events, which is widely
present in some but not all wikiHow con-
tents. Concretely, there are roughly two
types of wikiHow articles: ordered step-
by-step instructions and unordered parallel
suggestions. To facilitate related research,
we offer labels of these two types for over
210,000 wikiHow articles with an esti-
mated precision of around 90%, by fine-
tuning a state-of-the-art language model
using 1,000 hand-annotated examples. We
also provide ablation studies for insights
into what portions of the texts the model
considers making these predictions.

1 Introduction

wikiHow1 is a website consisting of more
than 210,000 professionally-edited how-to articles
spanning a tremendous amount of domains, exist-
ing in 18 languages. Examples of articles include
mundane common-sense such as “How to Save
Water” and niche expertise such as “How to Cro-
chet a Teddy Bear”. Each how-to article includes
a variety of instructional information of different
modalities, including textual description of steps
to accomplish a goal, corresponding images, in-
structional videos, and so on.

As its texts alone contain rich world knowledge
(Pareti et al., 2014), we claim that wikiHow can
be a useful corpus for a variety of tasks, espe-
cially temporal event ordering, a classical and im-
portant task (Pustejovsky et al.; Chambers et al.,

∗ Equal contribution.
1www.wikihow.com

2007; Monroe et al., 2013; Ning et al., 2018a,b).
However, most existing temporal event datasets
suffers from two major shortcomings. First, they
are mostly on a verb level, represented by the or-
der of occurrence of verb pairs in a corpus. This
forestalls the learning of ordering of events repre-
sented by phrases or sentences: for example, while
“prepare” often happens before “execute”, “pre-
pare the clean-up” would logically happen after
“execute the detonation”. Second, most datasets
use count of occurrences or probability as the
label, which introduce much noise that prevents
the resource from being used as a reliable bench-
mark. We claim that an event temporal ordering
dataset included from wikiHow can address these
two problems effectively, since wikiHow includes
instructional manuals that are intended to be fol-
lowed in a given order.

However, an immediate obstacle is that not all
wikiHow articles are ordered. Based on our pre-
liminary observation of 100 random wikiHow ar-
ticles, about 40% can be categorized as ordered
step-by-step instructions (e.g. recipes, manuals
for woodwork and gardening, etc.), whereas 60%
can be categorized as unordered parallel sugges-
tions (e.g. ways to be attractive, confident, etc.).
We also find that most adjacent step pairs in the
so-called ordered articles mostly should indeed be
ordered, while the converse in the unordered arti-
cles. This observation suggests the possibility of
learning a simple model to predict the orderliness
of articles in a binary classification format, which
correspond to the orderliness of steps within with
high probability. We show that we are able to learn
such a model with 88% cross-validation precision
using only 1,000 hand-annotated examples2. Fur-
ther, we show using ablation studies that consider-

2We release our annotations and model predictions
here: https://drive.google.com/file/d/
1miFUCvLKF7jeeqwR0_bWp-rNaJIGgy9_/view.
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ing only the first word of the steps is enough for
the model to achieve similar precision.

3. Further, we show using ablation studies that
considering only the first word of the steps is
enough for the model to achieve similar precision.

This paper outlines two key contributions: 1)
we offer labels of orderliness for with an estimated
precision of around 90% by fine-tuning a state-of-
the-art model and 2) we offer ablation studies to
interpret the model’s behavior.

2 Formulation

We reduce the task of predicting wikiHow article
orderliness to binary classification since the dis-
crete classes of ordered and unordered articles
present a binary selection process. To distinguish
between the two classes, we make the assumption
that if 50% of the step-wise event pairs exhibit
some direct ordering, we consider the article to be
ordered. This is because the majority of the arti-
cle’s steps necessitate an order into to ensure the
succesful completion of the article’s goal. Other-
wise, we consider the article to be comprised of
unordered steps, since it implies most of the ar-
ticle can be executed in parallel without compro-
mising the goal of the article.

The choice to frame the problem as binary clas-
sification allows for the use of previous work in
the modelling process. In particular, the reduc-
tion allows us to fine-tune pre-existing state-of-
the-art language models, which we have shown to
identify lexical clues and understand the seman-
tic knowledge of given natural language wikiHow
steps. This is evidenced through our ablation stud-
ies in Section 4.

3 Annotation

Our dataset is comprised of three key fields for
wikiHow articles: the title of the article (most of-
ten the goal), the natural language steps of the pro-
cedure, and the annotated label for whether the ar-
ticle’s steps were ordered or unordered. Out of
the 1000 total annotated examples, we observe that
414 articles were identified to have ordered steps
whereas 586 articles presented little to no ordering
between steps.

Annotations were collected by presenting each
annotator a set of article titles and step descrip-

3We release our fine-tuning code on GitHub:
https://github.com/kirubarajan/wikiHow_
orderliness.

Goal Steps Label
How to Make
Sweet Curry
Powder

If using fresh
spices, grind or
mill them in readi-
ness. Mix the
spices together in a
small mixing bowl.
Pour into a suitable
airtight container
for storage. Label
and store.

Ordered

How to Find
Perfect Ice
Skates

Consider what kind
of skating you do.
Once that is done,
get some skates.
Go to a sports
store like, Models,
Sports Authority,
or Dick’s Sporting
Goods. Go to the
ice skate area and
look at all of the
skates. Choose 3
different types of
skates in your size.

Ordered

How to Make
Him Want You

Act confident. Be
kind. Be open to
new things. Be
positive. Give him
his space. Keep
your conversations
interesting.

Unordered

How to Deal
With a Friend
That You Lost

Accept it will take
time. Find new
ways to fill the
space. Learn from
the experience.
Reach out to new
people.

Unordered

Table 1: Examples of ordered and unordered arti-
cle training examples from wikiHow.

tions, where annotators could classify each in-
stance as an ordered or unordered article. The an-
notators were comprised of individuals with vary-
ing experience in natural language processing, in-
cluding the authors of this paper. However, due to
the sporadic themes and goals of randomly sam-
pled articles, little to no external knowledge was
used to ground the annotation process. Although
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this may have contributed to noisy labels in un-
known or obscure domains, this overall ensured
that semantics alone would be able to provide the
insight required for annotation and prediction. We
first sampled 30 articles to compute a preliminary
Inter-Annotator Agreement (IAA) score among 6
annotators. We observed that of the 30 articles,
annotations only differed for 3 articles, yielding
an IAA score of 90%.

Of the 1000 articles, we split 700 instances as
a training set and 100 instances as a development
set. We used a held-out test set of 40 annotated
examples to evaluate the model against, which we
repeated five times. The test set was not anno-
tated by the paper’s authors in order to mitigate
any source of bias.

4 Modelling and Evaluation

The RoBERTa language model (Liu et al., 2019)
with an appended binary classification layer was
fine-tuned on the wikiHow dataset. All the input
text was first converted to lowercase and then to-
kenized using a WordPiece tokenizer. A learning
rate of 5 ∗ 10−5 was chosen and the model was
trained for 3 epochs. 5-fold cross validation was
performed across the 1,000 annotated training ex-
amples, with a precision of 0.87, recall of 0.81,
and F1-score of 0.84. The cross validation perfor-
mances given variable amount of training exam-
ples are shown in Figure 1.

Figure 1: Performances of orderliness prediction
given variable amount of training examples.

4.1 Ablation

In order to understand the amount of signal the
classification model obtained from different parts
of the wikiHow article, several ablation experi-
ments were carried out. For each of the following

Experiment Precision Recall F1-
Score

First Step 0.87 0.48 0.62
First word of each
step

0.92 0.68 0.78

Nouns 0.84 0.68 0.75
Verbs 0.81 0.80 0.80
Only Steps (No Ti-
tle)

0.89 0.83 0.86

Only Title (No
Steps)

0.88 0.68 0.77

Entire Article 0.87 0.81 0.84

Table 2: The precision, recall and F1 scores of the
various models in predicting whether an article is
ordered or not.

points, the entire article except what is listed was
masked out.

1. The first step of each wikiHow article.

2. The first word of each step for every wikiHow
article.

3. Nouns in the title and the steps of the wiki-
How article.

4. Verbs in the title and the steps of the wikiHow
article.

5. The full text of steps of each wikiHow article.

6. The full text of the title of each wikiHow ar-
ticle.

The results for these experiments are shown in
Table 2.

5 Discussion

The fine-tuned model achieves an impressive
cross-validation precision of 0.87 in retrieving or-
dered articles, with merely 800 labeled training
examples. The high performance can likely be at-
tributed to the bias of wikiHow’s text style, where
lexical usage corresponds strongly to the orderli-
ness of the articles. As BERT models are known
to be able to exploit such bias (Poliak et al., 2018;
Si et al., 2019; Zellers et al., 2018), it is not sur-
prising that the task is solved to an satisfactory ex-
tent. Nevertheless, the result is encouraging, as the
model can be applied to the entire 210,000 wiki-
How articles with high precision. We release the
labels of orderliness of these articles, hoping to fa-
cilitate research in event temporal ordering.



As for the ablation studies, the model presented
with the entire wikiHow article performed as well
(F1 score of 0.84) as the model presented with
only the article steps (F1 score of 0.86). This goes
to show that given the steps of a wikiHow arti-
cle, the corresponding title becomes redundant in
predicting whether the article is ordered or not.
The results for the ablation study using only ti-
tles of articles (f1 score of 0.77) suggest that the
topic contained in the title of the article is of-
ten a great indicator of whether the steps are or-
dered/unordered. Therefore, looking at the results
of the ablation study “Only Nouns” (containing
only common nouns and proper nouns present in
the articles) shows that the topic discussed in the
article (cooking, gardening vs self-improvement)
frequently provide clues on the temporal sequence
of its steps. Similarly, the results of the ablation
study “Only Verbs” indicates that the sequence of
verbs in an article (e.g cleaning, washing, cutting,
cooking ,etc. vs improve, show, try, etc.) carry
information used by the model. Looking at only
the first step of the article is often not sufficient (f1
score of 0.62) in predicting whether the respective
article is ordered. However, looking at the first
word of each step in the article can help the model
often reach the right decision (f1 score of 0.78)
given that most steps start with a verb.

Future work for this research involves under-
standing the logical dynamics of steps in a given
article. For this paper, we made the simplifying
assumption that if over 50 percent of an article’s
steps are not ordered, then the article is considered
to be unordered. However, there can exist certain
exceptions to this rule. For example, some arti-
cles may provide non-linearity in the steps (i.e. the
steps are not ordered) but all steps are necessary
to complete the task. This sort of logical nuance
isn’t explored due to the formulation’s simplify-
ing assumption. One can posit that learning these
underlying structures in step ordering for an arti-
cle would better help facilitated research in auto-
matic procedure prediction. This can be explored
by identifying and labelling articles with their type
of logical structure to complete the specified goal.

6 Conclusion

We offer labels of article orderliness with high pre-
cision for over 210,000 wikiHow, by fine-tuning
a state-of-the-art pre-trained model on only 1,000
hand-annotated examples. Using ablation studies,

we also show that the model can learn most infor-
mation needed using the first word in each step,
likely due to the idiosyncratic style of wikiHow
articles. We hope these labels and observations
would facilitate research in event temporal order-
ing and schema learning.
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