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Abstract—Sense inventory induction is a topical problem of
deriving a set of synsets representing concepts using various
automatic or human-assisted methods. There might be, and
actually are, mistakes in such synsets. In this paper, we are
focused on the problem of eliminating potentially duplicate
synsets having exactly two words in common as the broader
intersection is known to be successfully addressed by heuristics.
We exploit the phenomena of lexical substitutions and microtask-
based crowdsourcing for aligning the synsets to the individual
word senses. We also present an open source mobile application
implementing our approach. Our experiments on the Russian
language show that the approach scales well and dramatically
reduces the number of duplicate synsets in the inventory.

I. INTRODUCTION

A sense inventory is an exhaustive listing of all the senses
of every word that an application must be concerned with [1,
P. 229]. Popular sources of sense inventories used in practice
are the sets of synonyms (synsets) represented in the electronic
databases like WordNet or its derivatives, which are the fine-
grained lexical resources made by expert lexicographers [2].
Since that not every natural language has a sense inventory
of high quality, the researchers are trying to induce it by both
using automatic matching and machine learning methods, and
human-assisted approaches like crowdsourcing. In contrast to
the expensive expert-based approach producing the result of
very high quality, both human volunteers and machines tend
to make mistakes in recognizing lexical senses.

In our previous study for the Russian language [3],
we empirically found that two synsets can be treated
as duplicates if they share at least three words,
e.g., the synsets {car, machine,automobile,auto} and
{car, ride, automobile, auto} are duplicates expressing the
equivalent lexical senses. However, such a heuristic fails
at narrower intersections, resulting in nonsensically broad
synsets. In this study, given the set of words grouped by the
set of possibly duplicated synsets, we aim at regrouping these
words into the new synsets according to the provided contexts
from the sense-distinguished text corpus. For that, we use
crowdsourcing in the form of lexical substitution microtasks.

Section II reviews the related work. Section III presents
an approach for aligning synsets. Section IV demonstrates the
implementations details. Section V describes the experimental
setup and the metric used. Section VI shows the results.
Section VII discusses the interesting findings. Section VIII
concludes the paper and defines directions for future work.
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II. RELATED WORK

The literature review is dedicated to two aspects. Firstly, we
discuss the approaches for sense inventory induction. Secondly,
we present a short summary on user interfaces for microtask-
based crowdsourcing.

A. Sense inventory induction

The problem of sense inventory induction implies generat-
ing a set of concepts or synsets from the text corpus, usually
in an unsupervised way. This is achieved computationally by
exploiting various properties of word similarity graphs [4] and
co-occurence graphs [5]. Various genres of crowdsourcing are
also used for addressing this task as in the cases of microtask-
based lexical substitutions [6], Wiktionary-based lexical on-
tology construction [7], and video game-based approach [8].
Kiselev et al. proposed pairwise comparisons for detecting
equivalent concepts [3]. However, the latter approach has been
found to be difficult for crowd workers, who behaved no better
then a heuristic.

B. Microtask interfaces

Worker interfaces for completing microtasks are usually
implemented as Web-based interfaces, which were required
by early crowdsourcing platforms like Amazon MTurk [9].
The rise of crowdsourcing happened simultaneously with the
tremendous adoption of smartphones, which have become
available in the developing countries. There, in contrast, a
huge attention has been paid to various mobile interfaces
for bridging the gap between the crowdsourcing markets and
the online labor. The approaches include MTurk task proxy-
ing [10], providing a dedicated user interface [11], annotating
via SMS [12] or an instant messaging bot [13], and other
approaches [14]. Another trending topic is the evaluating the
worker interfaces for designing the better ones in such aspects
as behaviour-based performance evaluation [15], user attention
focusing [16], and accessibility issues for those with special
needs [17].

III. APPROACH

We consider the set of synsets S containing sense dupli-
cates. Our goal is to replace these duplicates with the better
composed fine-grained synsets. We propose to perform synset
grouping by two common words forming groups (clusters)
of synsets GG. Having these groups with two common words
emitted, we provide each group with the set of usage examples
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obtained from text corpus containing one of these two words
per group. Then, we form a set of microtasks to be annotated
by the human workers on a crowdsourcing platform.

In our approach, each microtask is a lexical substitu-
tion task accomplishing which is possible through checking
whether the present words extracted from the synsets in the
groups can fully substitute the highlighted word in the present
sentence. Our approach has been inspired by the distributional
hypothesis, the general idea behind which is the correlation
between distributional similarity and meaning similarity [18].

The task layout we use is shown at Fig. 1. In this sense,
our approach is similar to the one used for creating TWSI [6],
however we do not ask the workers to manually enter the words
and use the existing synsets as the input.

Choose all the words which fit the meaning of the sentence.
“A sentence with the highlighted word.”
[ ]w

[1...

L] wy

Fig. 1. Layout of the crowdsourcing task

A set of the lexical substitution tasks is submitted for
human annotation with the overlap of at least five answers per
question (checkbox), which is recommended by similar studies
on binary tasks [19]. When the annotation process is finished,
the answers are aggregated and then for each sentence one
synset has been created. Since that it has found to be sufficient,
it is now possible to merge the new synsets representing the
same concepts by the three common words heuristic [3].

IV. IMPLEMENTATION

Although the approach proposed in Section III can be
executed on any crowdsourcing platform, our goal is to invite
volunteers for annotating our data rather than the paid crowd
workers in the further studies.

A. Architecture

To achieve such a goal, we built a human-machine system
depicted at Fig. 2. Here, we expect volunteer workers to use
their mobile devices, e.g., smartphones and tablets, to complete
the microtasks assigned by the crowdsourcing server hosted
and managed by us. Tasks, answers, and worker identifiers
are stored in the database. In order to maintain personal data
security, the only identifier the worker device shares with our
server is the device identifier, which is a unique hexadecimal
string.
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Architecture of the proposed human-machine system

Worker

Server

Fig. 2.
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B. Application

For implementing the mobile application we have chosen
the Android operating system as the target platform for now
as it accounts 80.7 % of the worldwide smartphone marker
according to Gartner [20]. We use Mechanical Tsar, an open
source crowdsourcing server, to manage the workers, allocate
the microtasks, receive and aggregate the answers [21]. The
application operates as a client for the Mechanical Tsar REST-
ful API that implicitly registers the device identifier on the
server, then requests the task, and submits the answer by the
worker command. A screenshot of its graphical interface is
shown at Fig. 3 demonstrating an allocated task represented
with a sentence with the highlighted word, a set of substitution
candidates, a button to skip the task, and a button to submit
the answer. Additionally, the Internet connection between the
application and the server is secured by HTTPS. The source
code of the application is open [22], licensed under the Apache
License 2.0, and the required Android version is 4.1 or higher.
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Fig. 3. A screenshot of the mobile microtask-based crowdsourcing applica-
tion representing the sentence “A method for volume calculation.” with the
highlighted word “method” provided with the candidate substitutions “way”,

“regularity”, “tool”, “approach”, “system”, “manner”, and “technique”

V. EXPERIMENTS

We conducted two experiments: one pilot experiment on
the TurboText microtask platform to study user experience of
the application [23] and one massive annotation experiment on
Yandex.Toloka to study the robustness of the approach [24].

A. Data preparation

As the target sense inventory we use Yet Another Russ-
Net [25], which is a project aimed at creating a large open
electronic thesaurus using both crowdsourcing and automatic
methods. We use the word usage examples present in the
Russian Wiktionary [7], which were obtained from openly
available text corpora and separated by the individual word
senses. Then, we use Algorithm 1 to rearrange the synsets
S into the groups G, combine their lexical entries into these
groups and then produce the microtasks as presented at Fig. 1.
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Algorithm 1 Grouping(S) — G

. W <« () {words mapping to sets of synsets}

1

2: for all s € S do

3 for all w € s do

4: if w ¢ W then

5: Wiw] + 0

6: end if

7: Wiw] + Ww] U {s}

8: end for

9: end for

10: G <+ 0 {sets of words mapping to sets of synsets}

11: for all s; € S do

12: for all s3 € {J,,c,, W[w] do
13: I < s1 N sy {synset intersection}
14: if |I| # 2 then

15: continue

16: end if

17: if I ¢ G then

18: G+ 0

19: end if

20: G[I] + G[I]U{s1,s2}
21:  end for

22: end for

23: return G

Given a set of synsets, Algorithm 1 produces clusters of
synsets having exactly two words in common. First, iterating
over the given synsets and their words, for each encountered
word it collects the synsets containing this word. Then, using
this information, for each synset it just finds the synsets having
at least one common word with it and filters those having
exactly two words in common with it into clusters marked by
the two common words. The synsets inside a cluster can be
treated as suspicious for duplication and are then used for task
generation. The running time of the algorithm is O(|S|-k-m?),
where k = max,,c{w:scSrwes} ’{9 s € SAW € s}
m = maxses |s|.

s

As the result, we obtained 17348 groups uniting 27 137
synsets. For this study, we have randomly chosen a subset
of 424 groups uniting 875 synsets. Then, for each group we
assigned the usage examples corresponging to each lexical
sense represented in the Wiktionary, one sentence per sense,
one sense per group (Fig. 4).

Synsets

’/ Microtasks
Word 1 [Word 2

Example 1

Example 2

Fig. 4. Approach for microtask generation

Therefore, for the experiments we ran 205 microtasks on
TurboText and 2408 microtasks on Toloka. It should be noted
that when a group contained more than seven words, we split it
into subgroups independently annotated as separate microtasks.
These subgroups are identified by the common tag and then
integrated back when processing the results.
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B. Evaluation metric

As the gold standard for our task in Russian is not available
under the compatible license [25], we decided to ask an expert
to evaluate the quality of our synsets according to the following
ordinal scale [26]:

“0” the synset does not make any sense, e.g.,
{sky, watch, gun},

“1”  the synset has extraneous irrelevant lexemes along
with the correctly established synonyms, e.g.,
{road, path, route, asphalt},

“2”  the synset is composed of synonyms, but has missing
the relevant words, e.g., {automobile, auto, motorcar}
missing “car”’, and, possibly, “machine”,

“3” the synset is good in  general, e.g.,

{calamity, catastrophe, disaster, tragedy, cataclysm}.

In order to study whether the workers are confused with
the lexical sense represented in the sentence, the expert ad-
ditionally flagged the irrelevant resulting synsets as Confused
and the properly constructed ones as Not Confused.

C. Pilot experiment on TurboText

The goal of the pilot experiment was to study the user
experience of the Android application and to receive feedback
from the workers available on a popular copywriting-focused
platform. Prior to the experiment on TurboText we published
the application described in Section IV to Google Play [27].
The workers were asked to install the application to their
compatible mobile devices and then complete all the 205
available microtasks as shown at Fig. 3. Thus, we managed
to provide each microtask with the answers submitted by five
different workers. As the result, we received 5 x 205 = 1025
answers, which cost us approximately $4.

D. Massive experiment on Toloka

OTMeTLTe BCE CNOBA M3 CMMCKA, MMEKILUE TOT e CMBICT, YTO M BLIJENEHHOE CNOBO B NPEANOKEHHA.

Pa3sequKU NPOHWKITU B pacNONoXeHWe NepeosblX YacTed NPOTUBHUKA

wecTonpebbipanie
cuTyauma

nyHKT
pasmelenmre
No3NLMA
NO3NLACHUPOBAHKE

HU3IHE

OTMeYeHHBIe CNIOBA A0MKHC ObITb MOKHO NOACTABUTL B NPEANOKEHNA TaK, YTODLI CMLICT HE U3MEHHUNCA.
Ecnu HiYero He NoAXOAWT, TO He OTMeYaitTe cnosa

Fig. 5. A screenshot of the Toloka worker interface demonstrating the
sentence “The scouts have infiltrated the location of the forward units of the
enemy.” provided with the candidate substitutions “residency”, “situation”,
“point”, “allocation”, “position”, “positioning”, and “life”

The goal of the massive experiment was to study the
robustness of the proposed approach and the performance
of the workers available on Toloka during its private beta
testing. Our lexical substitution task (Fig. 5) has attracted 291




PROCEEDING OF THE ISMW-FRUCT 2016 CONFERENCE

TABLE 1. GRADE DISTRIBUTION ON TURBOTEXT
Grade  Confused Not Confused  Total
0 2 1 3
1 5 8 13
2 4 8 12
3 0 1 1
Total 11 18 29
@ 10-
2
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Fig. 6. Quality assessment of the experiment on TurboText

different workers, 251 of whose submitted 775 batches per 16
microtasks. As in the pilot experiment, we used the overlap of
5 workers per task. The time limit has been set to 30 minutes
per batch. As the result, we received 5 x 2480 = 12400
answers within a little over an hour (1 hour 13 minutes), which
cost us approximately $12.

VI. RESULTS

We aggregated the annotation results using the majority
voting heuristic and then ask an expert to assess the output as
described in Section V.

A. Results for TurboText

Having the TurboText experiment completed, we obtained
29 synsets created using our mobile application (Table I).
Despite the number of the resulting synsets is not large,
we needed to study whether the system (Fig. 2) is working
properly, because unlike Toloka, TurboText makes it possible
to send private messages to the workers for collecting the
feedback. Interestingly, most synsets created on TurboText
received the grade “1”.

B. Results for Toloka

Having the Toloka experiment completed on the initial 875
synsets, we obtained 369 synsets, most of which have the “2”
grade assigned (Table II, Fig. 7). We also conducted a 4-sample
x? test for equality of proportions without continuity correction
to study whether all the synsets have the same true proportion
of the confused ones. As the p-value of p = 0.0062 < 0.05
implies, at least in one grade the true proportion is different.
It is interpreted as the number of the confused synsets does
neither proportionally increase nor reduce as the number of
the synsets increases per grade.
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TABLE II. GRADE DISTRIBUTION ON TOLOKA
Grade Confused Not Confused Total
0 41 30 71
1 38 44 82
2 84 112 196
3 3 17 20
Total 166 203 369
200 -
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Fig. 7. Quality assessment of the experiment on Toloka

VII. DISCUSSION

Here, we discuss some of the interesting findings obtained
when analyzing the experimental results.

A. Error analysis

Surprisingly, we found that people often fail to recognize
the lexical sense given the contextual usage example! We
suppose it was caused by a cognitive bias when the workers
do not see any word matching the highlighted one, they begin
to select the words they think may form a synset irrelevantly
to the context exemplified by the present sentence. We believe
this problem can be solved using “gold” questions for training
the workers.

We also studied the obtained data and found that every
grade but “3” has its own typical pattern of mistake:
“0”  the words are picked randomly (otherwise we can not
explain these results rationally so far),

“1”  the synsets contained hypernyms and hyponyms or
have a close yet irrelevant word included (we observed
the similar behaviour in our another study on improv-

ing the synsets [28]),

“2”  the synsets are too coarse due to lack of the relevant

words among the available variants.

B. Answer aggregation

In this study, we used majority voting without any weight-
ing to aggregate the multiple answers provided for each micro-
task. However, it is reasonable to compare the present results to
the results aggregated using adaptive crowdsourcing algorithms
implemented in Mechanical Tsar [21]. These algorithms model
worker expertise and task difficulty, which hopefully will
increase the result quality.
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C. Application reception

During the TurboText study, we contacted each worker
and personally asked them to give feedback for their user
experience. All the workers were comfortable with the user
interface and the pertinency of the given lexical substitutions
task (which contradicts the performance evaluation). Some
workers voluntarily have given our application a five-star rating
on Google Play (we had not asked for it neither implicitly nor
explicitly).

All the workers complained that the candidate words con-
tained a significant proportion of rude words, but we treat this
incident as the imperfectness of the input data. Having studied
the data thoroughly, we found that the corresponding groups
had the coarse word synonyms of “thing” and other abstract
concepts.

Amusingly, both the workers and the used telemetry sys-
tem reported that the application crashed when every task is
completed by the worker and there is nothing to allocate. At
the moment, this bug has been fixed [22].

D. Practical considerations

According to the evaluation results, there is a lot of
room for improvements to the proposed approach. The main
obstacles we faced were the fuzziness of the input data and
the lack of the crowd worker training.

Nevertheless, the present approach makes it possible to
significantly reduce the number of synsets to be considered,
e.g., only 369 synsets out of the initial 875 left—it is about
the half. This makes the quality control procedures easier for
the humans.

We plan to extend and adopt this microtask-based approach
for the further development of Yet Another RussNet, because
the currently used wiki-based synset assembly workflow was
actually the source of the duplicates problem [25].

VIII. CONCLUSION

In the present paper we proposed an approach for improv-
ing the sense inventory by aligning the synsets to the set of
sentences using lexical substitutions and crowdsourcing. Al-
though we conducted all the experiments focusing on Russian
as the target language, we believe our study can easily be used
for other languages and datasets.

We see several directions for future work:

e lowering the rate of confused synsets by introducing
an additional automatic method or crowdsourcing task
for matching the meaning of the produced synsets,

e providing the crowd workers with preliminarily anno-
tated (“gold”) questions to train them how to complete
the task successfully,

e using post-hoc statistical quality control methods for
weighting the judgements of the crowd workers,

e employing the crowd work to assist or even replace
the expert when analyzing the experimental results,

e annotating the whole Yet Another RussNet electronic
thesaurus to make it a better lexical resource,
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e combining the present approach with the microtask-
based approach for establishing the semantic relations
between the induced synsets [29],

e exploiting word embeddings and other approaches for
distributional semantics, especially those providing the
disambiguated senses [30].

The deliverables of this study, including the source code
of experiment analysis programs under the MIT license,
as well as the input, intermediate and output data under
the CC BY-SA 3.0 license, are available for download on
http://ustalov.imm.uran.ru/pub/lexsub-ismw.tar.gz.
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