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Abstract—Enabling a domain-specific lexical resource is useful
for improving the performance of a natural language processing
system. However, such resources may be represented in the form
of glossaries—terms provided with their sense definitions. Despite
the problem of integrating such domain-specific glossaries into
more sophisticated general purpose resources like thesuari being
highly topical, it is complicated by ambiguity of the individual
terms. This paper presents Genus-Species-Match, a crowdsourc-
ing workflow for matching noisy pairs of synsets representing
hyponymic/hypernymic relations. The system demonstrates F1
score of 80% on an experiment conducted on an online labor
marketplace using the EMERCOM glossary and the Yet Another
RussNet sense inventory.

I. INTRODUCTION

Social media monitoring and opinion mining systems do
often use electronic dictionaries and thesauri for improving
natural language processing performance by query expansion
and entity disambiguation. However, such thesauri often rep-
resent common lexis only, which makes it highly topical
either to extend them with domain-specific lexicon or even
to provide a new resource dedicated to the domain. So far,
crowdsourcing seems to be a very promising approach for
building various lexical resources including electronic thesauri
[1]. Hence, it seems to be reasonable to apply this human-
computer technique for transforming such a glossary into
an open source thesaurus, which may be used by anyone,
who requires processing texts in Russian belonging to the
emergency management domain.

For instance, in the emergency management domain it is
highly important to classify incoming texts between authorized
units, determine the type of emergency, and track the media
impact of a particular incident. The EMERCOM of Russia
maintains a specialized glossary [2], which contains only terms
provided with sense definitions, which are neither grouped into
sets of quasi-synonyms (synsets), nor have been provided with
hyponymic/hypernymic relations between each other. While it
is still possible to align such a glossary to a sense inventory
or even a full-fledged thesaurus, the ambiguity problem should
be addressed first.

The present work makes the following contributions: (1)
it proposes a novel workflow for efficient disambiguation
of hyponymic/hypernymic relations between synsets, and (2)
presents an approach for transformation of a domain-specific
glossary into an electronic thesaurus with synsets and relations
between them. In the preliminary experiment, a subset of the
EMERCOM glossary has been merged into YARN—an open

source sense inventory for Russian made though crowdsourc-
ing [3]. As the result, the proposed system achieved F} score of
80%. The deliverables are available under open source licenses
making it possible to reproduce the present study.

The rest of this paper is organized as follows. Sec-
tion II reviews the related work. Section III defines the
problem of matching synsets with the corresponding hy-
ponymic/hypernymic relations. Section IV presents an ap-
proach for glossary transformation and a crowdsourcing work-
flow named Genus-Species-Match. Section V describes the
experimental setup used for evaluating the workflow. Sec-
tion VI presents and discusses the obtained results. Section VII
concludes with final remarks and directions for the future work.

II. RELATED WORK

The literature review is dedicated to three aspects. Firstly,
the automatic thesaurus construction methods will be discussed
(see Astrakhantsev & Turdakov [4] for details). Secondly,
related crowdsourcing design patterns will be reviewed. Fi-
nally, a short summary on popular adaptive crowdsourcing
frameworks will be presented.

A. Automatic Thesaurus Construction

Hearst proposed a set of predefined lexico-syntactic pat-
terns for extracting hyponymy relations from unrestricted text
corpora [5]. A similar approach has been exploited by Yang
& Powers for providing a broader set of semantic relations
recognized by a syntactic parser [6]. Giuliano et al. presented
an approach for thesaurus construction, which leverages on
the Wikipedia structure to extract concepts and terms denoting
them using natural language texts and interlinks between them
[7]. Hagiwara, Ogawa & Toyama, instead, used the probabilis-
tic latent semantic indexing technique for acquiring synonyms
automatically from large corpora [8]. Sarasua, Simperl &
Noy created CrowdMap [9], a model for aligning a pair of
knowledge resources between each other semi-automatically
by verifying algorithmic matching using the tasks posted on
an online labor market.

B. Crowdsourcing Workflows

The most recognized crowdsourcing workflow is Find-
Fix-Verify developed by Bernstein et al. for Soylent [10], a
Microsoft Word plugin that submits human intelligence tasks
(HITs) to an online labor marketplace for rephrasing and
improving the original text. As its name implies, the workflow
includes three stages: (1) on the Find stage crowd workers
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should find a text area that can be shortened without changing
the meaning, (2) on the Fix stage the workers should propose
improvements for these text areas, and (3) on the Verify stage
the workers have to select the worst proposed fixes.

Wang et al. presented CrowdER [11], an entity resolution
technique that uses hybrid human-machine workflow for du-
plicate detection and record linkage. CrowdER has two stages:
(1) estimating likelihood between entity pairs and filtering
out those below the specified threshold, and (2) verifying the
remaining pairs of records.

Biemann proposed Turk Bootstrap Word Sense Inventory
(TWSI) [12], a workflow for the creation of a word sense
inventory using crowdsourcing. It is based on the lexical
substitution phenomenon and is composed of three stages: (1)
Jinding substitutions by asking workers to provide synonyms
for the highlighted words in sentences, (2) aligning senses
by assessing the semantic similarity between sentence pairs,
and (3) matching the meaning by evaluating the derived word
senses on usage examples.

Ustalov & Kiselev developed Add-Remove-Confirm [13],
a three-stage workflow for improving synset quality: (1) at the
Add stage, the workers propose the words to be inserted into
the synset, (2) at the Remove stage, the workers select the
words to be removed, and (3) at the final Confirm stage, the
workers select the best synset variant.

C. Adaptive Crowdsourcing Frameworks

Adaptive crowdsourcing frameworks has gained a signif-
icant interest today due to the noisy nature of the crowd-
sourcing phenomenon. Particularly, in various crowdsourcing
applications, the workers’ expertise is unknown, which makes
it necessary to develop statistical techniques for estimating the
workers’ reliability and aggregating the submitted answers.

Surprisingly, one of the most efficient and practical frame-
works has been developed by Dawid & Skene in 1979 for
estimating individual error-rates for patients examined by
several clinicians [14]. Sheng, Provost & Ipeirotis adopted the
Dawid-Skene algorithm for estimating the worker quality and
inferring the correct answers in crowdsourcing applications
and provided an implementation [15]. Similarly, Whitehill et
al. presented the generative model of labels, abilities, and
difficulties (GLAD), which simultaneously infers the correct
answers and estimates both worker quality and task difficuly
[16]. Demartini, Difallah & Cudré-Mauroux developed the
ZenCrowd model, which exploits factor graphs and belief
propagation for aggregating the answers received from the
workers and blacklisting the unreliable ones [17].

Karger, Oh & Shah presented an order-optimal iterative
algorithm for answer aggregation in binary choice crowd-
sourcing tasks [18]. A highly important finding of their work
is the phase transition effect, which affects virtually all the
answer aggregation methods as follows. Given the number
of answers per task [, the number of answers per worker
r, and the collective quality of a crowd ¢, no method is
performing better than a simple majority voting heuristic when
(I—1)(r—1)¢* < 1.

Implementing an adaptive crowdsourcing method requires
expertise both in numerical methods and statistical inference.

Hence, there exist software packages like SQUARE created
by Sheshadri & Lease [19], which contains implementations
of such methods as ZenCrowd [17], naive Bayes [20], etc.

Another trending topic is online algorithms, which differ
from the above mentioned—offline—ones in operating during
the data collection process in real time. Welinder & Perona pre-
sented an online algorithm for estimating annotator parameters
that requires expert annotations to assess the performance of
the workers [21]. Fan et al. proposed the iCrowd model, which
handles adaptive task allocation, worker ranking and answer
aggregation simultaneously [22]. Unfortunately, implementa-
tion of the latter is unavailable for general public.

III. PROBLEM

Let S be the set of synsets, which are the sets of quasi-
synonyms. Let R be the set of hypernymic/hyponymic relations
between the individual words, i.e. the word pairs (g, s), where
g is the genus and s is the species of the given pair.

Suppose that one desires to link the S synsets to each
other w.r.t. R, i.e. establish the hyponymic/hypernymic rela-
tions between them. This problem is especially important in
cases when two different lexical resources are getting merged,
because it is necessary to keep both resources unambiguous.

A naive way of doing so is iterating over each (g,s) € R,
fetching the set of genus candidate synsets S,, the set of
species candidate synsets Ss, and then manually checking
whether the is-a relation is present, or not, in each synset
pair belonging to S, x S,. For instance, a similar experiment
on a subset of Yet Another RussNet (YARN) sense inventory
[3], in which |S| = 6105 and R = 29764, resulted in the
number of 30177 human operations, which is unacceptable
due to performance reasons, since most of such pairs have
no such a relationship. Note that the situation is getting even
worse in crowdsourcing applications, when answer redundancy
is required due to the unknown expertise of the workers.

In order to reduce the amount of work needed to be
done, it seems to be reasonable to split the original problem
into simpler ones, solving which could be (1) assisted by a
computer, (2) possibly done by several human workers in a
parallel way, and (3) require less amount of operations.

IV. APPROACH

The original problem is getting divided into two separate
ones: (1) providing automatically matched data for crowd
annotation and (2) the actual annotation. The high-level view
of the proposed system is shown at Fig. 1 and the following
sections will describe the main components of the system.

< > >

Int. Relation Ext. Relation Task Annotation
Matcher Matcher Generator Front-End
Synset Crowd =
Matcher Engine w

Fig. 1. Architecture of the proposed system
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The processing starts with the internal relation matching
procedure, which extracts candidate is-a relations from the
glossary. Since that the domain-specific glossaries include
such terms as reporting system and regional reporting system,
it seems to be reasonable to treat these entries as separate
candidates. In order to deal with syntactic structure of the
multiword terms, a dependency parser has to be used (in fact,
any other grammar can be used, but dependency graphs are
particularly easy to process and operate). Having constructed
the domain-specific set of candidate relations Ryp,:, the set
is getting merged with the external resource set of relations
Rp.:. Finally, after the synset matching procedure, the tasks
for crowd workers are getting automatically generated and
deployed on a crowdsourced annotation engine.

A. Internal Relation Matching

Algorithm 1 takes the dependency graph (N, A) of a
given term, where N is the set of words and A is the
set of binary, irreflexive arc relations on N. Since that the
algorithm is recursive, the n parameter specifies the root
node on first iteration or, otherwise, the current node. The
algorithm returns the set of extracted candidate relations Ry ;.
The relation(-) function returns the relation type represented
by the argument. The ROLES set includes three relations:
predicative, agent and quasi-agent, which could be mapped
into hypernymic/hyponymic relations.

Algorithm 1 IntRelMatch(N, A,» = ROOT) — Ry

: Rlnt “— @
children < {n:n € N A3(r,n) € A}
: for all n € children do
if relation(n) € ROLES then
Rint ¢ Rin: UIntRelMatch(N, A, n)
end if
end for
d + {n:n € children A relation(n) = definitive}
for i = |d| to 1 do
Rrnt = Rrnt U (r,d;. 1q))
: end for
return distinct Ry,
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B. External Relation Matching

Algorithm 2 matches the hyponyms of the thesaurus with
the hypernyms of the glossary for deriving the universal
relation set R = R, U Rg.t, where Ry, set is provided by
the Algorithm 1 and Ry, is provided by the thesaurus. Having
matched the hypernyms and hyponyms, the algorithm emits
pairs for matching the corresponding synsets. The purpose of
this algorithm is to reduce the amount of work made by the
workers and filter out relations that are not represented by both
resources.

C. Synset Matching

Algorithm 3 is inspired by an observation that if a pair
of synsets share at least three distinct words, then the synsets
are likely to represent the same lexical sense [23]. Exploiting
such a phenomenon makes it possible to perform synset
deduplication, which results in less amount of work performed
by the workers.
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Algorithm 2 ExtRelMatch(Rynt, Rget) — P
P
AN {5 : El(gas) € RETI‘} N {g : 3(978) € ant}
: for all s € v do
for all g € {g:3(g,5) € Rps+} do

P+ PU{(g,s)
end for
: end for
: return distinct P

1
2
3
4
5:
6
7
8

Algorithm 3 SynsetMatch(P, S) — (S, Ss)

: Sg 0, S50
for all (g,s) € P do
for all distinct s € {5
Sy Sy UL}
end for
for all distinct s € {5
Ss + S U{s}
8:  end for
9: end for
10: return (distinct S, distinct S;)

:35€e SAgestdo

:35e SAse sy do

A A

D. Genus-Species-Match Workflow

In the Genus-Species-Match workflow, presented at Fig. 2,
the annotation is composed of three stages: the first two run
independently, the last one runs after the first two have been
completed.

Given a genus-species pair (g,s) € R and a
synset 5€ S,, a worker has to confirm whether
§ represents the genus of s (Fig. 3).

Given a genus-species pair (g,s) € R and a
synset § € S, a worker has to confirm whether
§ represents the species of g (Fig. 4).

Given a pair of synsets (sg,s;), a worker has
to confirm that this pair represents a reasonable
is-a relation, or not (Fig. 5).

Genus.

Species.

Match.

Genus

verified
relations

synsets &

- Match
relations

N/

Species

Fig. 2. The proposed Genus-Species-Match workflow

Example: at the Genus stage, the worker has to specify
whether the synset {advertisement, announcement, advert} is
the genus of the pair (advertisement, denim), or not. Similarly,
at the Species stage, the worker has to specify whether the
synset {jacket, coat} is the species of the pair (clothes, jacket),
or not. Then, at the Match stage, the worker has to specify
whether the synsets {clothes, dress, apparel} and {coat, jacket}
are really connected by the is-a relationship. Hence, instead
of inconvenient number of operations mentioned in the Sec-
tion III, the whole annotation process will take approximately
O(|Sy4| + |Ss|) operations, excluding the “Match™ stage, the
running time of which is the least.
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W

Is the “5” concept a species of the word g?
[ 1 Yes
[ 1 No

Fig. 4. Task format for the Species stage

V. EXPERIMENTS

The proposed workflow is empirically evaluated as follows.
Firstly, the EMERCOM glossary has been processed by Al-
gorithm 1 for extracting candidate relations. MaltParser for
Russian has been used as the dependency parser [24], since it
is available as a properly built container image [25].

Secondly, the obtained internal relations have been merged
with ones from YARN using the Algorithm 2, which resulted
in the total number of 383 genus-species pairs. YARN is an
open source project aimed at creation of a large electronic
thesaurus for Russian through the use of crowdsourcing [3].
The synsets in YARN are created using a collaborative online
editor, while the hypernymic/hyponymic relations are imported
from a machine-readable version of the Russian Wiktionary
[26].

Finally, 1438 synsets for the Genus stage and 833 synsets
for the Species stage have been produced by Algorithm 3
from these pairs. In this study, two synsets are considered as
duplicates if they share at least two words.

A. Any Marketplace Here?

In order to invite real crowd workers to the experiment,
several online labor marketplaces, including MTurk [27],
CrowdFlower [28], microWorkers [29], Yandex.Toloka [30]
and TurboText [31], have been studied w.r.t. the median reward
per HIT, the number of submitted distinct HIT types, and
availability to requesters and workers from Russia (Table I).
The observed difference in prices is caused by the possibility
to group several atomic tasks into batches on MTurk and
Yandex.Toloka. It is interesting that the latter offers larger work
amounts for a significantly lower reward.

TABLE 1. ONLINE LABOR MARKETPLACES
$ per HIT  # of HITs  Requesters  Workers
MTurk 0.60 3050 No No
CrowdFlower 0.05 47 Yes Yes
microWorkers 0.65 93 Yes Yes
Yandex.Toloka 0.01 3 No Yes
TurboText 0.06 289 Yes Yes

Having conducted the market study, TurboText has been
chosen as the online labor marketplace for the experiment
primarily for the reason of it also being a copywriting mar-
ketplace, which implies presence of skilled Russian native
speakers.

As for October 1, 2015, the exchange rate set by the
Bank of Russia is 65.73 RUR per $1. The average reward on
TurboText is 11 RUR per microtask, which is approximately
$0.17. The price per microtask has been set to 5 RUR (Russian
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Is the “5” concept a genus of the word s? Is the concept “s:” a species of the concept “sg”?
[ 1 Yes [ 1 Yes
[ 1No [ 1 No

Fig. 3. Task format for the Genus stage Fig. 5. Task format for the Match stage

rubles), so a worker is getting rewarded by approximately
$0.08 per task.

B. Annotation Setup

The annotation process has been running on Mechanical
Tsar, an open source crowdsourcing engine, designed for rapid
deployment of adaptive mechanized labor workflows [32].

A screenshot of the worker interface at Fig. 6 shows
example of the task “Is the concept {person, client, partner} a
species of the word party?” belonging to the stage “Species”.
For convenience of the workers, each word hyperlink opens a
separate tab with a Google search page corresponding to the
exact word match.

Genus-Species-Match
Stage “Species”

Your

Task Answer

TMpasaa nn, YTO «/IUO, KIueHm,
KOHMpa2eHm» — 3TO HaCTHbINA criyyai

NOHAATVS! cTOPOHA? ves

Your ID is 653. There are 833 tasks left.

You may return to annotation processes at any
moment.

7 <

Fig. 6. Example of a worker interface (captions are translated into English
for convenience of the readers, while the task description is intentionally left
in Russian)

In order to provide the workers with better annotation
experience, the tasks were grouped in batches, i.e. one mi-
crotask represents one batch containing several tasks. Each
task is annotated at least five times by distinct workers. When
displaying synsets, only five top frequency words as according
to the Russian frequency dictionary have been shown [33].
Actual annotation setup is present at Table II. The majority
voting heuristic is used for aggregating the answers received
at the stages “Genus” and “Species”, resulting in 287 tasks for
the “Match” stage.

TABLE II. ANNOTATION SETUP
# of answers  # in batch  RUR per batch
Genus 5 15 5.00
Species 5 15 5.00
Match 5 12 5.00

Since all the tasks in the Genus-Species-Match workflow
assume binary choices, it is reasonable to adopt the best
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practices developed in similar studies. Snow et al. showed that
in binary choice tasks it is sufficient to obtain at least 4 answers
per task from the crowd workers to get a reliable output
[20]. However, this case is prone to ties, when two workers
voted for the first answer and two other workers voted for
another one. As it has also been discussed in the Section II-C,
Karger, Oh & Shah recommend using at least 5 answers per
task for exploiting sophisticated statistical answer aggrega-
tion techniques, which outperform majority voting [18]. To
study how an answer aggregator affects the result quality, the
“Match” stage answers have been processed by three different
aggregators: the above mentioned majority voting model, an
iterative algorithm by Karger, Oh & Shah (KOS) [18], and
the ZenCrowd model [17]. It should be noted that original
variants of the two former methods are proprietary, hence, an
open source implementation of ZenCrowd has been integrated
from SQUARE [19], while implementation of KOS has been
already provided by Mechanical Tsar [34].

Additionally, to make sure that crowdsourcing such a task
is a reasonable kind of activity, a naive automatic approach
has been compared with the crowd results. Normally, while
generating the “Match” tasks, the system processes tuples of
(Sg,5slg, s) per each genus-species pair (g, s), where s, € Sy
is the synset obtained from the “Genus” stage, sy € S is
the synset obtained from the “Species” stage. In order to set
up the baseline to compare with, a pair of synsets is getting
automatically matched if they share at least two words in the
external resource set of relations, i.e.

’{s' :3(g,5") € Reae} {9 :3(g',s) € REN}’ > L

VI. RESULTS & DISCUSSION

The whole annotation process took 264 minutes, i.e.
maz(206,197) = 206 minutes for the simultaneous Genus
and Species stages, correspondingly, and 58 minutes for the
consequent Match stage. As the result, 47 distinct workers
have submitted 13056 answers (see Table III and Fig. 7).
Completely sequential execution will take at least 461 minutes.

TABLE III. ANNOTATION SUMMARY
Workers Tasks Answers Agreement
Genus 39 1438 7357 59%
Species 18 833 4205 59%
Match 18 287 1494 55%
Total 47 2558 13056

For verification purposes, an expert annotator has assessed
the final output. Then, given the number of true positives TP,
true negatives TN, false positives F'P and false negatives F'IN

o _ TP __ TP
(Table 1V), t}EleRpremsmn P = TPLFP" recall R = TPLIFN
and Fy = 2457 have been computed [35].
TABLE IV.  EXPERIMENTAL RESULTS
TP TN FP FN P R F1
Baseline 40 102 17 128 0.70 0.24 0.36
Maj. Voting 129 57 62 39  0.68 0.77  0.72
KOS 142 63 56 26 072 084 0.78
ZenCrowd 146 69 50 22 0.74 0.87 0.80

According to the experimental results, the ZenCrowd
model outperformed all other algorithms in terms of precision,
recall and F; score at the same time (Table IV).
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7357 =

4205 =

1494 =

1 1 1 1 1
120 150 180 240 264

minutes

210

Species —— Match

Fig. 7. Cumulative number of received answers by process over time

A. Errors & Agreement

After a thorough analysis of the observed errors made while
aggregating the answers by ZenCrowd, three notable mistake
types have been found:

a) worker issues: the workers made mistakes by incor-
rectly interpreting the lexical sense,

b) synset issues: the synsets mapped to the relations
have either too broad or too narrow meaning,

¢) data issues: the matched synsets or relations inherit
nonsense from the YARN data, like city as the genus in
the genus-species pair (region, city) or such odd synsets as
{country, capital, province, district}, etc.

Despite that each task has been processed by at least five
distinct workers, the crowd agreement is relatively low (Ta-
ble III). It seems that the workers were confused primarily by
the data issues. Although the Genus-Species-Match workflow
performed robust, the error rate could be even lowered by
providing it with less noisy input data.

B. Other Labor Marketplaces

TurboText, mentioned in the Section V-A, has been selected
as the online labor marketplace since it has a wide audience,
while having a microtask support. However, it was highly in-
teresting to briefly evaluate the difference between a microtask
marketplace and a traditional one. Thus, the following study
has been conducted on a well-known online labor marketplace
in Russia—it will be denoted as X.

Simultaneously with submission of microtasks to Turbo-
Text, a regular task on X has been created for providing
answers for each task of the Species stage. Only two potential
workers contacted the requester. The first one was a bot,
who replied within a few seconds right after the posting
specifying no details about the work. The second one was
a real person, who asked for more than i of the overall
budget spent on TurboText. The task has been removed from
X after the completion of the Genus and Species stages on
TurboText. However, it seems to be highly topical to compare
microworkers with regular ones w.r.t. the annotation quality.
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VII. CONCLUSION

Genus-Species-Match involves several tightly coupled data
processing mechanisms (Fig. 1) for both disambiguating simul-
taneously the synsets and establishing hyponymic/hypernymic
relations between them.

As it has been mentioned in the Section I, the system was
initially designed to efficiently insert a glossary into a sense
inventory, but it can definitely be used just for synset disam-
biguation by omitting the internal relation matching procedure
and replacing the external relation matching procedure with an
arbitrary one.

We see several directions for future work:

e using a similar system  for

holonymy/meronymy relations,

establishing

e developing a budget allocation algorithm for Genus-
Species-Match, like Budgeteer for the well-known
Find-Fix-Verify workflow [36],

e improving the preprocessing pipeline with various so-
phisticated matching techniques, including ones from
distributional semantics [37].

In previous studies, we noted that mechanized labor crowd-
sourcing workflows may barely be exploited in Russia due
to the limited amount of available crowd workers [3], [13],
[23], [32], [37]. This has been, fortunately, proven wrong. To
the best of our knowledge, this is the first attempt to recruit
paid crowd workers from an online labor marketplace for
annotating a language resource made in Russia. It opens new
possibilities for creating, enhancing and evaluating language
resources, knowledge bases, corpora and other useful resources
for processing Russian.

The deliverables of this study, including the source
code of matchers and generators 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/gsm-ainl.tar.gz.
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