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Abstract

We present an approach to text simplifi-
cation based on synchronous dependency
grammars. Our main contributions in this
work are (a) a study of how automatically
derived lexical simplification rules can be
generalised to enable their application in
new contexts without introducing errors,
and (b) an evaluation of our hybrid sys-
tem that combines a large set of automat-
ically acquired rules with a small set of
hand-crafted rules for common syntactic
simplification. Our evaluation shows sig-
nificant improvements over the state of the
art, with scores comparable to human sim-
plifications.
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2011; Wubben et al., 2012; Coster and Kauchak,
2011; Zhu et al., 2010) struggle to elegantly model
the range of lexical and syntactic simplification
operations observed in the monolingual simplifi-
cation task within one framework, often differen-
tiating between operation at leaf nodes of parse
trees (lexical) and internal tree nodes (syntactic).
The key issue is the modelling of context for appli-
cation of lexical rules. While syntactic rules (for
splitting conjoined clauses, or disembedding rela-
tive clauses) are typically not context dependent,
words are typically polysemous and can only be
replaced by others in appropriate contexts.

Our main contribution in this paper is to present
a unified framework for representing rules for syn-
tactic and lexical simplification (including para-
phrase involving multiple words), and study for

the first time how the definition of context affects
system performance. A second contribution is to

Text simplification is the process of reducing theProvide a substantial human evaluation (63 sen-
linguistic complexity of a text, while still retain- tences and 70 participants) to evaluate contempo-
ing the original information content and mean-'ary text simplification systems against manually
ing. Text Simplification is often thought of as Simplified output.
gonglstlng of t\/\{o compongnt; - synta'ctlc S|mpI|-2 Related work
fication and lexical simplification. While syntac-
tic simplification aims at reducing the grammatical Text simplification systems are characterised by
complexity of a sentence, lexical simplification fo- the level of linguistic knowledge they encode, and
cuses on replacing difficult words or short phrasedy whether their simplification rules are hand-
by simpler variants. crafted or automatically acquired from a corpus.
Traditionally, entirely different approaches have In recent times, the availability of a corpus of
been used for lexical (Devlin and Tait, 1998; Bi- aligned English Wikipedia (EW) and Simple En-
ran et al., 2011; Yatskar et al., 2010; Specia eglish Wikipedia (SEW) sentences has lead to the
al., 2012) and syntactic simplification (Canning,application of various “monolingual translation”
2002; Chandrasekar et al., 1996; Siddharthargpproaches to text simplification. Phrase Based
2011; De Belder and Moens, 2010; Candido JMachine Translation (PBMT) systems (Specia,
et al., 2009). Recent years have seen the applic2010; Coster and Kauchak, 2011; Wubben et al.,
tion of machine translation inspired approaches t@012) use the least linguistic knowledge (only
text simplification. These approaches learn fromword sequences), and as such are ill equipped to
aligned English and Simplified English sentencedandle simplifications that require morphological
extracted from the Simple English Wikipedia changes, syntactic reordering or sentence splitting.
(SEW) corpus (simple.wikipedia.org). However, Zhu et al. (2010) in contrast present an ap-
even these approaches (Woodsend and Lapataroach based on syntax-based SMT (Yamada and

1 Introduction
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Knight, 2001). Their translation model encodes storm storm

probabilities for four specific rewrite operations ady ady
on the parse trees of the input sentences: substitu- _ _

tion, reordering, splitting, and deletion. Woodsend advmo'?tens've I:> strongest
and Lapata (2011) propose quasi-synchronous tree /

substitution grammars (QTSG) for a similarly most

wide range of simplification operations as well as

lexical substitution. Narayan and Gardent (2014)rigure 2: Transduction of Elementary Trees (ETs)

combine PMBT for local paraphrase with a syn-

tactic splitting component based on a deep semarf2011) for learning rules. These datasets consist

tic representation. None of these systems modejf ~140K aligned simplified and original sentence

morphological information, which means somepairs obtained from Simple English Wikipedia and

simplification operations such as voice conversiorenglish Wikipedia. The rules are acquired in the

cannot be handled correctly. format required by the RegenT text simplification
Against this limitation, hand-crafted systemssystem (Siddharthan, 2011), which is used to im-

have an advantage here, as they tend to encode thiement the simplification. This requires depen-

maximum linguistic information. We have previ- dency parses from the Stanford Parser (De Marn-

ously described systems (Siddharthan, 2010; Siceffe et al., 2006), and generates output sentences

dharthan, 2011) that can perform voice conversiorirom dependency parses using the generation-light

accurately and use transformation rules that enapproach described in (Siddharthan, 2011).

code morphological changes as well as deletions,

re-orderings, substitutions and sentence splitting3-1 Acquiring rules from aligned sentences

On the other hand, such hand-crafted systems am acquire a synchronous grammar from depen-

limited in scope to syntactic simplificatio as theredency parses of aligned English and simple En-

are too many lexico-syntactic and lexical simplifi- glish sentences, we just need to identify the dif-

cations to enumerate by hand. We have also prevterences. For example, consider two aligned sen-

ously described how to construct a hybrid systentences from the aligned corpus described in Wood-

that combines automatically derived lexical rulessend and Lapata (2011):

with hand-crafted syntactic rules within a single

framework (Siddharthan and Mandya, 2014). We 1. (a) It was the second most intensive storm on the

. planet in 1989.
extend that work here by describing how such au- (b) Itwas the second strongest storm on the planet in

tomatically learnt rules can be generalised. 1989.
3 Simplification using synchronous An automatic comparison of the dependency
dependency grammars parses for the two sentences (using the Stanford

. . Parser) reveals that there are two typed dependen-
We follow the architecture proposed in Ding and _. ) . yp P
cies that occur only in the parse of the first sen-

Palmer (2005) for Synchronou§ Dgpendency In"[ence, and one that occur only in the parse of the
sertion Grammars, reproduced in Fig. 1.

second sentence. Thus, to convert the first sen-

In this paper, we focus on the decomposition O]ignce into the second, we need to delete two de-

a ddep;: ndlency_ pars;e m;to EIementa(;y Trees (ETs endencies and introduce one other. From this ex-
and the learning of rules to transduce a sourc mple, we extract the following rule:

ET to a target ET. We use the datasets of Coster
and Kauchak (2011) and Woodsend and Lapat&ULE 1: MOST_INTENSIVE2STRONGEST

1. DELETE
‘ Input Sentenc#—>‘ Dependency Par#e—> Source ET§ (a) advmod(?X0[intensive], ?X1[most])
1 (b) advmod(?X2[storm], ?X0[intensive])

2. INSERT

! (a) advmod(?X2, ?X3[stron
?X2, 7 gest))
Output Sentencﬁs— Generatioj<— Target ET%
The rule contains variables (?Xn), which can be

Figure 1: System Architecture forced to match certain words in square brackets.
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Such deletion and insertion operations are centensive, large, massive, sizable, major, powerful,
tral to text simplification, but a few other oper- giant]” can be replaced by “big” in any lexical
ations are also needed to avoid broken depercontext ?X0, provided the syntactic context is an
dency links in the Target ETs. These are enuamod relation. To de-lexicalise context in this
merated in (Siddharthan, 2011) and will not be re-manner, each lexical substitution needs to have
produced here for shortage of space. By collectheen observed in 10 different contexts. While not
ing such rules, we can produce a meta-grammaoolproof, this ensures that lexical context is re-
that can translate dependency parses in one lamoved only for common simplifications, which
guage (English) into the other (simplified En-are more likely to be independent of context.
glish). The rule above will translate “most in-

S . . : . RULE 2: *2BIG
tensive” to “strongest”, in the immediate lexical
context of “storm”. For ease of presentation, we 1. DELETE _ _ _
he ET Transfer component as transforma- (a) amod(?X0, ?X1[extensive, large, massive, siz-
Presentt € ) p able, major, powerful, giant])
tion rules, but this rule can also be presented as a

transduction of elementary trees (Fig. 2). 2. INSERT

(a) amod(?X0, ?X2[big])

3.2 Generalising rules Reducing context size: Often, single lexical

It is clear that the rule shown above will only be changes result in multiple relations in the INSERT
applied if three different words (“storm”, “most” and DELETE lists. Rule 3 shows a rule where the
and “intensive”) occur in the exact syntax speci-verb “amend” has been simplified to “change”, in
fied on the left hand side of Figure 2. The rulea context where the direct object is “Constitution”
is correct, but of limited use, for “most intensive” and there is an infinitive modifier relation to “pro-
can be simplified to “strongest” only when it mod- posals”, using the auxiliary “to”.
ifies the word “storm”. RULE 3 AMEND2CHANGE

The modelling of lexical context is a partic- '
ular weak point in previous work; for instance, L Da;E;uEX(?XO[amend] 2x1]to])
Woodsend and Lapatg (.2011), in their quasi- (b) infmo d(’?X2[pr0p;)3aIs], 2X0[amend])
synchronous tree sub§tltutlpn grammar, remove all (c) dobj(2X0[amend], 2X3[Constitution])
lexical context for lexical simplification rules, to
facilitate their application in new contexts. Simi-
larly, phrase-based machine translation can default
to lexical simplification using word level align-
ments if longer substrings from the input text are
not found in the alignment table. However, as 3. MOVE
words can have different senses, lexical substitu- () ?X07?X4
tion without a lexical context model is error prone. Rule 3 also shows the MOVE command created

Our goals here are to enumerate methods t§ Move any other relations (edges) involving the
generalise rules, and to evaluate performance ofode ?X0 to the newly created node ?X4. The
unseen sentences. All the methods described aMOVE list is automatically created when a vari-
automated, and do not require manual effort. able (?X0) is present in the DELETE list but not

in the INSERT list and ensures correct rule appli-

Generalising from multiple instances: A sin-  cation in new contexts where there might be addi-
gle rule can be created from multiple instances irtional modifiers connected to the deleted word.

the training data. For example, if the modifier “ex-  Rule 3 clearly encodes too much context. In
tensive” has been simplified to “big” in the con- such cases, we reduce the context by creating three

text of a variety of words in the ?X0 position, this rules, each with a reduced context of one relation
can be represented succinctly as “?X0[networks(aux infmodor dobj); for example:

avalanches, blizzard, controversy]”. Note that this

list provides valid lexical contexts for application RYLE 34 AMEND2CHANGES

of the rule. If the word is seen in sufficient con- 1. DELETE: dobj(?X0[amend], ?X1[Constitution])
texts, we make it universal by removing the list. 2. INSERT: dobj(?X2[change], ?X1)

Rule 2 below states that any of the words in “[ex- 3. MOVE: 2X0 ?X2

2. INSERT
(a) aux(?X4[change], ?X1)
(b) infmod(?X2, ?X4)
(c) dobj(?X4, ?X3)
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In this paper, we generate rules with each posRemoving lexical context from longer rules:
sible lexical context, but one could filter out rela- While preserving lexical context is important to
tions such aauxthat provide a lexical context of a avoid meaning change in new contexts due to pol-
closed class word. The generalised Rule 3A makegsemy (this claim is evaluated in 83.5), itis unnec-
clear the need for the MOVE operation, which isessary for longer rules involving more than one re-
implemented in RegenT by rewriting ?X0 as ?X2lation, as these tend to encode longer paraphrases
in the entire dependency parse after rule applicawith more standardised meanings. We thus re-
tion. We will omit the MOVE command where it move the lexical context for rules involving multi-
is not required to save space. ple relations in the DELETE list

Extracting elementary trees: It is possible for 3.3 Overview of extracted ruleset

the DELETE and INSERT lists to contain mul- |, aqgition to the generalisation steps described
t!ple simplification rules; i.e., multiple transduc- above, we also automatically filtered out rules
tions over ETs (connected graphs). We need to enp ¢ \were undesired for various reasons. As we

sure that each extracted rule contains a connectggl, manually written rules in RegenT for com-
graph in the DELETE list. Where this is not the ,,, gyntactic simplification (as described in Sid-

case, we split the rule into multiple rules. An ex- 4narhan (2011)), we filter out rules that involve
ample follows where three independent simplifi-yenendency relations for passive voice, relative
cations have been performed on a sentence:  .jases, apposition, coordination and subordina-
4. (a) Asa general rule , with an increase in elevationtion- We also filter out rules with relations that are
comes a decrease in temperature and an increaserror-prone, based on a manual inspection. These
in precipitation . involved single lexical changes involving the fol-
(b) As a normal rule , with an increase in height |4\ing dependencies:det and num (rules that
comes a decrease in temperature and an increase .
in rain . change one determiner to another, or one number
to another) angossandpobjthat mostly appeared
The original extracted rule contains three reladn rules due to errorful parses. We also automat-
tions with no variable in common: ically filtered out errorful rules using the training
set as follows: we applied the rules to the source
sentence from which they were derived, and fil-
1. DELETE tered out rules that did not generate the target sen-
tence accurately. Finally, we restricted the number
of relations in either the DELETE or INSERT list

RULE 4: INDEPENDENTELEMENTARY TREES

(a) amod(?XO0[rule], ?X1[general])
(b) prep_in(?X2[comes], ?X3[elevation])

(c) prep_in(?X4[increase], ?X5[precipitation]) to a maximum of three, as longer rules were never
being applied.
2. INSERT Tab. 1 shows how the filters and generalisation
(a) amod(?X0, ?2X6[normal]) influence the number of rules derived involving 1—
(b) prep_in(?X2, ?X7[height]) 5 relations in each of the DELETE and INSERT
(c) prep_in(?X4, ?X8][rain]) lists. In addition, we also extract rules where the

] ) ] ] DELETE list is longer than the INSERT list; i.e.,

Relations with no variables in common beIo_ng'simplification that result in sentence shortening

to separate ETs, so we create three new rules: (e.g., Rule 1 in Section 3.1).

RULE 4A Tab. 2 provides details of the final number of fil-
DELETE: amod(?X0]rule], ?X1[general]) tered and generalised rule_s for different lengths of
INSERT: amod(?X0, ?X6[normal]) f[he DELET_E and INSERT lists. The ruleset shown

in Tab. 2 will henceforth be referred to asikv.

RULE 4B
DELETE: prep_in(?X2[comes], ?X3[elevation]) 3.4 Generalising context with WordNet
INSERT: prep_in(?X2, ?X7[height]) To generalise the context of lexical simplification
RULE 4C rules further, we now consider the use of WordNet
DELETE: prep_in(?X4[increase], ?X5[precipitation]) Lexical context is defined as lexical specifications on
INSERT: prep_in(?X4, ?X8[rain]) variables occurring in both the DELETE and INSERT lists;

i.e., words that are unchanged by the simplification.
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[ DELETE [ INSERT | IS [ FS | GS | DELETE /INSERT 1 2 3 |45
1 1 1111 | 593 | 4250 1 Relation 4250
2 2 1051 | 357 | 171 2 Relations 110 | 171
3 3 1108 | 178 | 52 3 Relations 91 | 165 | 52
4 4 831 - - 4 Relations 49 71 | 209
5 5 628 - - 5 Relations 24 44 | 80

Table 1: Number of extracted rules where the |N_Table 2: Details of rules derived with different
SERT and DELETE lists contain 1-5 relations (IS:length in DELETE and INSERT relations
initial set; FS: filtered set; GS: generalised set)

both the DELETE and INSERT lists are removed
in expanding lexical context. The idea is that theentirely from the rule:
lexical specification of context variables in rules
can be expanded by identifying related words in
WordNet. We propose to use Lin’s similarity mea- 1. DELETE
sure (Lin, 1998), an information content based
similarity measure for our experiments as infor-
mation content based measures are observed to2. INSERT
perform better in deriving similar terms, in com-
parison to other methods (Budanitsky and Hirst,

2006). Lin's formula is bgsed on_Resnik’s. Let  Finally the rule in 6(c), expands the context
IC(c) = —log p(c) be the information content of \yorq “adapted” using WordNet classes with Lin’s

a concept (synset) in WordNet, whep) is the  simijlarity greater than 0.1.
likelihood of seeing the concept (or any of its hy-

ponyms) in a corpus. Resnik defines the similarRULE 6(C): RULE-WITH-WORDNETO. 1-CONTEXT
ity of two concepts:; andce assimyes(ci,c2) =

RULE 6(B): NO-CONTEXT

(a) nsubjpass(??X0, ??X1[limbs])

(a) nsubjpass(??X0, ??X2[legs])

. 1. DELETE
MATces(cr,e0)[C(c), the IC of the most specific _ _
classe that subsumes bothl and 2. Lin’s for- (a) nsubjpass(??X0[accommodated,adapted,adjusted,

. . . altered,assimilated,changed,complied,
mula normalises this by the IC of each class: conformed,fited, followed,geared,heeded,
listened,minded,moved,obeyed,oriented,
. ( ) 2.8iMyes(c1, C2) pitched, tailored,varied],??X1[limbs])
Stmin(C1,C2) =
IC(e1) +1C(e2) 2. INSERT
Our next goal is to explore how the definition (a) nsubjpass(??X0, 2?X2[legs])

of lexical context impacts on a text simplification
system.

Evaluation of generalisability of rules: We
3.5 Evaluation expanded the context of rules derived from

To evaluate our work, we used the text simplifi-Vikipedia using various thresholds such as 0.1,
cation tool RegenT (Siddharthan, 2011) to applyd-4 @nd 0.8 for Lin similarity measure and eval-
different versions of the acquired rule sets to a tesg@téd how many simplification operations were

dataset. For example, consider the following rulgP€rformed on the first 11,000 sentences from the
shown in 6(a). This is the original rule extracted dataset of Coster and Kauchak (2011). The details

from the training data (cf. Tab. 2). of rules applied on the test dataset, using differ-
ent thresholds along with the Wiki-context and no-
RULE 6(a): RULE-WIKI context rules are provided in Tab. 3. As seen, there
1. DELETE is an increase in the application of rules with the

decrease in threshold for Lin similarity measure.

Removing the lexical context entirely results in an

2. INSERT even larger increase in rule application. Next, we
(a) nsubjpass(??X0, ??X2[legs]) evaluate the correctness of rule application.

(a) nsubjpass(??X0[adapted], ??X1[limbs])

This rule is transformed to a no-context rule inEvaluation of correctness of rule application:
6(b), where words such as “adapted” that occur inTo test the correctness of the rule applications with
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| RuleVersion [ Rules | % Change | it preserved the meaning of the original. The ex-

Wor dvlil’l‘t";%r:fti’gt 05) ;g%g 341 periment provided 917 ratings for 90 sentences in-

WordNetcontext (0.4)| 8488 11.85 volving 28 raters. We used a Likert scale of 1-5,

WordNetcontext (0.1)| 10715 | 40.80 where 1 is totally unusable output, and 5 is the out-
Nocontext 31589 315.09

put that is perfectly usable.

Table 3: Application of different versions of rules The mean values and the standard deviation
on test dataset (% change is the increase in thir fluency, simplicity and meaning preservation
application of rules between Wiki-context and thefor sentences simplified using WordNet (Lin=0.1),
corresponding version) Wiki and no context is shown in Tab. 4. As seen,
the difference between the mean values for all
three criteria of fluency, simplicity and meaning

different rule sets, we performed a human evalua* _ . :
tion to gauge how fluent and simple the Simloli_preservatlon between WordNet and Wiki version

fied sentences were, and to what extent they pré'g_very small as compared to simplified sentences
served the meaning of the original. We comparedVith no-context rules.

An analysis of variance
three versions in this experiment: the original rule-(ANOVA) test was conducted to measure the ef-
set, the context expanded usif@gm;, >= 0.1

fect of fluency, simplicity and meaning preserva-
(40% increase in rule applications) and with no

tion for versions of simplified text.

lexicalised context (315% increase in rule applica- Fluency: A one-way ANOVA conducted to
tions). The goal is to identify a level of generalisa-€valuate fluency for versions of simplified text

tion that increases rule application in new contextsshowed a highly significant effect of version (WN,
without introducing more errors. WC, and NC) on the fluency score (F=51.54,

We used the first 11,000 sentences from th®=2x10%°). A Tukey’s pairwise comparison test
dataset of Coster and Kauchak (2011), the samg/Ukey's HSD, overall alpha level = 0.05) indi-
dataset used for rule acquisition. We extracted a¢ated significant difference between Wl and NC
random 30 sentences where a simplification hag"d between WN and NC at= 0.01. However,
been performed using the original ruleset. Thigthe difference between WN and WI was not sig-
gives an upper bound on the performance of th&ificant atp = 0.01.
original Wikipedia-context ruleset, as these are all Simplicity: The ANOVA conducted to evaluate
sentences from which the rules have been derivegimplicity for different versions also showed a sig-

We then selected a further 30 sentences wheraificant effect of version on the simplicity score
a simplification had been performed using the(F=76.7, p=2x16°). A Tukey’s pairwise compar-
WordNet-context (Lin=0.1), but not with the origi- iS0n test (Tukey’s HSD, overall alpha level = 0.05)
nal ruleset. These are new applications of the gerindicated significant difference between WN and
eralised ruleset on sentences that it hasn't directiitC and Wi and NC < 0.01). However, the dif-
learnt rules from. Similarly, we selected a fur- ference between WN and WI was not significant
ther 30 sentences where a simplification had beefit? = 0.01.
performed using the no-context ruleset, but not Meaning PreservationThe ANOVA conducted
the Wikipedia-context or WordNet-context rule- to evaluate meaning preservation for versions of
sets. Thus each set of 30 sentences contains nesimplified text also showed a highly significant ef-
applications of the ruleset, as the lexical context idect of version on the meaning preservation score
expanded, or abandoned completely. (F=17.22, p=4.55x18%). A Tukey's pairwise

This process gave us a total of 90 sentences tgomparison test (Tukey’s HSD, overall alpha level
evaluate. We recruited participants through Ama= 0.05) indicated significant difference between
zon Mechanical Turk. Participants were filtered toWN and NC and WI and NCp( < 0.01). How-
be in the US and have an approval rating of 80%¢€Vver, the difference between WN and WI was not
These raters were shown 30 examples, each cofignificant ap = 0.01.
taining an original Wikipedia sentence followed This study suggests that there is no significant
by one of the simplified versions (WI, WN or NC). effect on accuracy of expanding the lexical con-
Order of presentation was random. For each suctext using WordNet (Lin=0.1), even though this
pair, raters were asked to rate each simplified verresults in an increase in rule application of 40%.
sion for fluency, simplicity and the extent to which The study also confirms that there is a sharp and
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Rater FLUENCY SIMPLICITY MEANING
WN WI NC |WN W NC|WN W NC
Mean | 3.28 3.59 249 3.68 351 247 252 272 217
SD 138 131 144 132 128 134|112 1.11 1.27
Median | 4 4 2 3 4 2 3 3 2

Table 4: Results of human evaluation of different versiohsimplified text (WN: WordNet-context
(Lin=0.1); WI: Wikipedia-context; NC: No-context)

significant drop in accuracy from removing lexical of hand-crafted text simplification systems—such
context altogether (the approach used by Wubberystems restrict themselves to syntactic simplifi-
et al. (2012), for example). Next, we perform ancation, even though vocabulary plays a central role
evaluation of our hybrid text simplification sys- in reading comprehension. We hope that the meth-
tem, that augments the existing RegenT systemds described here can extend a hand-crafted sys-
(Siddharthan, 2011), with its hand-written rulestem to create a hybrid text simplification system
for syntactic simplification, with the automatically that is accurate as well as wide coverage. We next
acquired lexicalised rules(the Lin=0.1 ruleset). present a large scale manual evaluation of this hy-

) S brid system.
4 Hybrid text simplification system

o . .. 4.1 Evaluation
The RegenT text simplification toolkit (Sid-

dharthan, 2011) is distributed with a small hand’Ve performed a manual evaluation of how fluent
crafted grammar for common syntactic simplifica-and simple the text produced by our simplifica-
tions: 26 hand-crafted rules for apposition, rela-ion system is, and the extent to which it preserves
tive clauses, and combinations of the two; a fur-M€aning.
ther 85 rules handle subordination and coordina- Our system (henceforth, ¥8RID) is compared
tion (these are greater in number because they af@ QTSG, the system by Woodsend and Lapata
lexicalised on the conjunction); 11 further rules (2011) thatlearns a quasi-synchronous tree substi-
cover voice conversion from passive to active; 3gution grammar. This is the best performing sys-
rules for light verbs and various cleft construc-tem in the literature with a similar scope to ours in
tions: 99 rules to handle common verbose conte€rms of the syntactic and lexical operations per-
structions described in the old GNU diction utility; formed?. Further the two systems are trained on
14 rules to standardise quotations. the same data. QTSG relies entirely on an auto-
The RegenT system does not have a decoder &patically acquired grammar of 1431 rules. Our
a planner. It also does not address discourse issug&tomatically extracted grammar has 5466 lex-
such as those described in Siddharthan (2003algalised rules to augment the existing manually
though it includes a component that improvesWritten syntactic rules in RegenT.
relative clause attachment based on Siddharthan We also compare the two systems to the manual
(2003b). It applies the simplification rules exhaus-90ld standard SEW, and against the original EW
tively to the dependency parse; i.e., every rule foS€ntences.

which the DELETE list is matched is applied iter- po.o.  \We use the evaluation set previously used

atively (see Siddharthan (2011) for details). by several others (Woodsend and Lapata, 2011;
We have created a hybrid text simplification\y,,nben et al. 2012: Zhu et al. 2010). This

system by integrating our automatically acquired.,ngists of 100 sentences from English Wikipedia
rules (lexical context extended using WordNet for EW), aligned with Simple English Wikipedia

single change rules, and lexical context removeds gy sentences. These 100 sentences have been
for longer rules) with the existing RegenT systémg, ¢y ded from our training data for rule acquisi-
as described above. This is sensible, as the €Xjy, a5 is standard. Following the protocol of

isting manually written rules for syntactic simpli- Wubben et al. (2012), we used all the sentences

fication are more reliable than automatically ex-fom the evaluation set for which both QTSG and
tracted ones: They model morphological change

allowing for a linguistically accurate treatment _ _
results than QTSG, but is not directly comparable because

of syntactic phenomenon such as \_/0|Ce_ C_hang%' does not perform sentence splitting, and also trains on a
The current work addresses a major limitationdifferent corpus of news headlines.

2The PBMT system of Wubben et al. (2012) reports better
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Rater FLUENCY SIMPLICITY MEANING
EW SEW QTSG HYB| EW SEW QTSG HYB| EW SEW QTSG HYB
Mean | 3.99 4.06 1.97 3.52| 3.43 3.58 2.33 3.73 4.03 2.23 3.40
SD 0.94 1.00 1.24 1.24| 1.07 122 1.26 1.30 1.02 1.23 1.18
Median | 4 4 1 4 3 4 2 4 4 2 3

Table 5: Results of human evaluation of different simplitiexts (EW: English Wikipedia; SEW: Simple
English Wikipedia; QTSG: Woodsend and Lapata (2011) syskvB: Our hybrid system)

HYBRID had performed at least one simplification (EW, SEW, QTSG, KBRID) on the simplic-
(as selecting sentences where no simplification ity score (F=29.9, p<1&f). A Tukey’s pair-
performed by one system is likely to boost its flu-wise comparison test (Tukey's HSD, overall al-
ency and meaning preservation ratings). This gavpha level = 0.05) indicated significant differences
us a test set of 62 sentences from the original 10(etween QTSG-EW; HYBRID-EW; HYBRID-
QTSG; SEW-QTSG; all at p<0.01.
Meaning Preservation: A one-way ANOVA

: .. conducted to evaluate meaning preservation for
have an approval rating of 80%. These partici- gp

. . versions of simplified text showed a highly sig-
pants were shown examples containing the orig-

. S nificant effect of version (EW, SEW, QTSG,
inal Wlklé)(;déa\t/vs_entenceé foII_owgd by QTSFGYH HYBRID) on the meaning preservation score
BRIEant h maranko?ltse rtnannerr]. or ?f?.c’gﬂ?&l, p=2x18°). A Tukey's pairwise com-

such set, they were asked 1o rate each SIMPINeH, ioon test (Tukey's HSD, overall alpha level

version for fluency, simplicity and the extent to _ 0.05) indicated significant differences between

2’2(';.? t '?Irese“’fq thet meanng of thke grt'gmatl'QTSG-SEW; HYBRID-SEW: and HYBRID-
Iuonally, partcipants were also asked 10 ra eQTSG all at p<001

the fluency and simplicity of the original EW sen-
tence. We used a Likert scale of 1-5, where 1iS Conclusion

totally unusable output, and 5 is output that is peryye haye described a hybrid system that performs
fectly usable. The experiment resulted in obtaingy; simpjification using synchronous dependency
ing a total of 3669 ratings for 62 sentences |nvoIv—grammars The grammar formalism is intuitive

Ing 76 raters. enough to write rules by hand, and a syntactic rule

Results: The results are shown in Tab. 5. As Set is distributed with the RegenT system. The
seen, our WBRID system outperforms QTSG contributions of this paper are to demonstrate that
in all three metrics and is indeed comparable tghe same framework can be used to acquire lex-
the SEW version when one looks at the mediaric@lised rules from a corpus, and that the resul-
scores. Interestingly, our system performs bettel@nt system generates s_implified sentences that are
than SEW with respect to simplicity, suggestingCemparable to those written by humans.
that the hybrid system is indeed capable of a wide We have documented how a grammar can be
range of simplification operations. The ANOVA extracted from a corpus, filtered and generalised.
tests carried out to measure significant difference®ur studies confirm the benefits of generalising
between versions is presented below. rules in this manner. The resultant system that
Fluency: A one-way ANOVA was conducted combines this grammar with the existing manual
to evaluate fluency for versions of simplified grammar for syntactic simplification has outper-
text showed a highly significant effect of ver- formed the best comparable contemporary system
sion (EW, SEW, QTSG, MeRID) on the flu- in a large evaluation. Indeed our system performs
ency score (F=695.2, p<#6). A Tukey’s pair- at a level comparable to the manual gold standard
wise comparison test (Tukey’s HSD, overall al-in a substantial evaluation involving 76 partici-
pha level = 0.05) indicated significant differencesPants, suggesting that text simplification systems
between QTSG-EW; HYBRID-EW; HYBRID- are reaching maturity for real application.
QTSG; SEW-QTSG; SEW-HYBRID at = 0.01.
Simplicity: A one-way ANOVA conducted to
evaluate fluency for versions of simplified text This research is supported by an award made by
showed a highly significant effect of version the EPSRC; award reference: EP/J018805/1.

Method: We recruited participants on Amazon
Mechanical Turk, filtered to live in the US and
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