RuSimScore: unsupervised scoring function for Russian sentence
simplification quality

Mikhail Orzhenovskii
Saint Petersburg, Russia
orzhan057@gmail.com

Abstract

We propose an unsupervised complex scoring function (RuSimScore) to measure simplification quality of Rus-
sian sentences, and a model for text simplification based on this function. The function allows to score simplicity
and original meaning preservation. First, filtered a noisy parallel corpus (machine translated WikiLarge) and ex-
tracted good simplification examples. After that, a pretrained language model was fine-tuned on these examples.
We generate multiple outputs from the language model and select the best one according to the scoring function.
The weights in the scoring function can be adjusted to balance between better content preservation and getting
simpler sentences (controllable simplification).
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Annoramus

Mp1 npemyiaraeM coctaBHyo oneHounyro dynkuuo (RuSimScore) st namepenus: kKauectsa yupo-
MIEHUsST TEKCTOB HA PYCCKOM $I3BIKE, a TAaK¥Ke MOJIEJIb, MOCTPOEHHYIO ¢ MOMOIIBIO 310l dynknuu. Ona
[TO3BOJISIET OIEHUTH IPOCTOTY PE3yJIbTaTa U CTEleHb COXPAHEHUsl CMBIC/IA MCXOMHOro Tekcra. CHada-
Ja u3 3anmymieHHoro kopmyca (nepesenennbiii WikiLarge) orduiabrpoBasm nmpuMepsl yIpOIEHUs C
JIOCTATOYHBIM KAadeCTBOM. 3aTeM pejo0ydeHHas s3bIKOBasl MOJENb Oblia J1000ydYeHa Ha ITUX IIPH-
Mepax. C MOMOIIBIO 9TON A3BIKOBON MOJIEIN MBI M€HEPUPOBAJIA MHOXKECTBO BBIXOIHBIX MPEIJIOKEHUN
¥ BBIOMpAJIM JIydlllee HA OCHOBE OIEHOYHON (yHKImM. Beca oneHouHON! (YHKIUU MOXHO U3MEHATH
(KOHTpOJIUpYyEMOE YIPOIIEHHUE), ITOOBI BRIOMPATH MEXKY JIy9IIAM COXPAHEHHEM CMBICJIA WUam Gosiee
MIPOCTBIMY BBIXOJHBIMU IIPEJIJIOXKEHUSIMI.

KuroueBbie ciioBa: yuporienue, npeo0ydeHHbIe si3bIKOBbIE MOJIEN, PYCCKUN A3bIK

1 Introduction

RuSimpleSentEval (RSSE) competition[19] introduced the first text simplification dataset for Russian,
which was collected on a crowd-sourcing platform. Another dataset suitable for Russian text simpli-
fication is WikiLarge, built from machine translated English Wikipedia and Simple English Wikipedia.
WikilLarge has two issues: sometimes inaccurate alignment and errors introduced during machine trans-
lation. It has be be filtered in order to obtain high quality sentence pairs for training.

The idea of the proposed scoring function is to combine different aspects of simplification quality in
a single-number metric which depends only on source (complex) and target (simplified) sentences, and
does not require human labeling (like SARI). It is built from six different simple functions, which will
be described later.!

'The code for training and running the model, as well as best model’s weights will be published as open source at https :
//github.com/orzhan/rusimscore
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We did not use the scoring function to directly calculate loss during the model training. Instead,
we filtered the machine translated WikilLarge dataset (getting better result than with non-filtered one),
extracting 15% of examples. Then we fine-tuned pretrained language model ruGPT-3 on the resulting
dataset (sequence to sequence task can be converted to language modeling task by inserting special tokens
into prompt). During inference we used the fine-tuned language model to generate multiple answers for
each input sentence using nucleus sampling, and then selected the best answer with the scoring function.

2 Related work

Text simplification is often done with a sequence to sequence model trained on parallel corpus. Zhang
and Lapata[21] use reinforcement learning of with a task-specific reward function. Martin et al.[3] trained
a sequence to sequence model with controllable parameters. They also filtered sentences suitable for
simplification from a very large corpus, based on cosine similarity of sentence level embeddings[16] .

Another approach is simplifying text in several consecutive steps. The task can be formalized as
sequence labeling [15], generating a sequence of changes using a programmer-interpreter approach [7],
or iteratively applying changes to a text [10].

Kuvshinova[12] solved sentence compression task for Russian with deletion based approach. This
task is related to simplification.

Readability evaluation is language specific. For Russian, Ivanov et al.[11] identified text features that
indicate complex texts. Laposhina et al.[2] explored readability formulas.

Language models can solve a wide range of language processing tasks including abstractive summar-
ization [14] and paraphrase generation [20], these tasks are related to simplification.

Our work uses fine-tuned ruGPT3 language model [13] for text generation.

3 Model description

3.1 Scoring function

The idea of scoring function RuSimScore(c,s) is to estimate if a simple sentence s is a good simplification
of the complex sentence c. Good simplification means that the target sentence is simple, and the meaning
of the source sentence is preserved. Scoring function is calculated as multiplication of four simplicity
scoring functions: lexical complexity score, dependency tree depth score, length score, reading ease
score, and two content preservation scoring functions: cosine similarity score, named entity preservation
score.

RuSimScore(c,s) = LS*(c, s)DDP(c, s)LeS (¢, s)RS’ (¢, 5)SimS(c, s)NS¢(c, )

RuSimScore € [0,1]

Where o, 3,7, d, €, ( are weights that allow to control importance of different aspects of similarity. In
this work we selected the optimal weights which maximized SARI on the development dataset.

Cosine similarity score (SimS) is calculated as cosine similarity between sentence level embeddings
of source and target sentences. We have chosen LASER embeddings[1].

Named entity preservation score (NS) aims to help with the weakness of the embeddings: if the lan-
guage model modifies named entities in the text, the change in the embeddings may be very small,
however the meaning of the text can become very different. To calculate named entity score, we extract
all named entities from both source and target sentences using Natasha library and calculate how many
entities from target are also present in source. While matching entities we only require that one of the
entity’s words is matched (so that entities themselves can also be simplified like: Ockap Asekcanapo-
Bua Durbepr — Durbepr). If count of entities is greater than 3, then 3 matching entities are considered
enough and NS is set to 1.0.

min(3, INER(c) N NER(s)|)
min(3,[INER(c) U NER(s)|)

NS =
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Lexical complexity score (LS) can judge if the words used in the target sentence are more common in
language (which corresponds to higher usage frequency in corpus). Score is calculated as:

iy log(f:)
N

where f; - frequency of i-th word. Unknown words, named entities, pronouns and numbers are ex-
cluded from the calculation. Lexical complexity score consists of average log frequency with weight
a5 and most rare word’s log frequency with weight LS. Word frequency data was taken from [5]?.

Dependency tree depth score (DS) aims to measure syntactical complexity of the target sentence. The
syntax tree of the sentence is created using Natasha library>. Dependency tree score DD = 1.0 for depth
of 1 or 2, DD = 0.9 for depth 3, DD = 0.7 for depth 4 and DD = 0.5 for larger depths.

Length score (LeS) helps to choose target sentences than are shorter than the source one (in terms of
word count), but not too short:

LeS(c,s) =0.5if WC(s) > WC(c)

LeS(c,s) =1 — gpecy if WC(s) > 6 and WC(s) < WC(c)

LeS(c,s) = WO if WO (s) < 6.and WC(s) < WC(e)
where WC'(x) is word count in sentence x.
Reading ease score (RS) is an implementation of Flesch reading ease with coefficients for Russian

language [17], mapped into [0.5,1] range:

LS=1+4+arg + Brsmin(log(fi))

mazx(—100,min(100, 206.835 — 1.52W PS — 65.143%))
100

where WPS is number of words per sentence, SC is syllable count and WC is word count.
See Table 1. for examples of scoring function values.

RS =0.75+0.25

3.2 Generative model

We used ruGPT-3, a GPT-3 implementation by SberBank AI*. This language model has received high
score on Russian SuperGLUE benchmark[18] and is capable of solving various tasks.

During fine-tuning, the training set is inputted into the LM in the following format:

‘ <s>Original sentence <Simplify:> Target sentence </s> ‘

During inference, for source sentence we provide the following prompt:

‘ <s>Original sentence <Simplify:>

and expect LM to output the simplified sentence and </s> token.

We use top-p sampling[4] to increase fluency and variance of the generated sequences, and generate
10-100 sentences for each original sentence. After that we calculate the scoring function for each of the
generated sentences and select the best ones.

Language models are initially trained on next token prediction objective. As a result, sometimes
text continuation is generated instead of simplification. To counter this, we had to add checking if the
generated sentence starts with a pronoun or a determiner.

We use HuggingFace Transformers implementation to fine-tune the model and generate text[9].

4 Datasets

Machine translated WikilLarge dataset was provided by the competition organizers. We selected 37,884
samples from 246,978 samples of WikiLarge which were filtered by following condition: ES > 0.65,
SimS > 0.75,RS > 0.6, LeS > 0.55, LS > 0.65, DS > 0.5. These conditions were based on the statistics
of the scoring functions on the RSSE dev dataset (so quality of selected samples was on the same level
as quality of RSSE dev samples).

For examples of the selected and removed samples see Table 3.

Mttps://github.com/hermitdave/FrequencyWords
*https://github.com/natasha/natasha
‘nttps://github.com/sberbank-ai/ru-gpts
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Tabauna 1: Examples of scoring function values

Original sentence: IlojioxkeHre cTao yrpoKaOIUM JjIsI TapeBuYa, KOora
Qunurm KeHuJicsd B ceIbMOI pa3 — Ha 3HaATHOU MakenoHsHKe Kieomnarpe.

Text

RuSimScore

DS

LS

LeS

RS

ES

SimS

ITosioxxenne
CTAJIO
JKAIOIIIM
IapeBuya,

yIpo-
JIJIST
KOTJIa
QunI KEHUIICIT
B CeJIbMOH pa3
—  Ha
MaKeJIOHSTHKE
Kneonatpe.

3HATHOM

0.21

0.90

0.69

0.50

0.70

1.00

1.00

Hacnemuuk mpe-
crojla He  ObLI
B BOCTOpre OT
sroro 6Opaka. Ou
OBbLIT CYaCTIINB
JKEHUTHCST Ha
KpacuBoi
KeJIOHSTHKE, HO
KEHUThCSI Ha

CIUIITAHKE.

Ma-

0.08

0.90

0.82

0.50

0.85

0.50

0.60

Bcekope rocJjie
9TOro apeBrd
QU KEHUIICST
na Kireonatpe.

0.16

1.00

0.79

0.67

0.80

0.60

0.71

Qunnil >KeHuJIcsd
B CeJbMOIl pas,
Ha MAaKeJIOHSHKe
Kaeonarpe.

0.32

0.90

0.81

0.67

0.84

1.00

0.86

Table 2: Datasets

Dataset

Reference samples

Simplification samples

RSSE dev

1000

3574

WikiLarge filtered

37884

37884

RSSE public test

1000

3521

RSSE hidden test

1126

N/A
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Tabmuma 3: Selected and dropped samples from WikiLarge
Selected samples:
B Tonnanuu onn HaseiBasiuch Stadspijpers, B I'epmanun Stadtpfeifer u
B Urammu Pifferi. — Ux maseiBaau Stadtpfeifer 8 l'epmanuu u Pifferi B

Nranmun.

I/IHOI‘,Ha MOI'yT IOABJIATBCA OTTEHKH KPaCHOI'O M OPaHzKEBOI'O, 3aMeEHAA
WJIX CMEIINBasiCh C 2KEJIThIM B 3aBUCHUMOCTHU OT IIOJABHIA. — I/IHOI‘,ZLa MO-
T'YT IIOABJIATHCA OTTEHKU KPAaCHOI'O 1 OPaH2KEBOI'O.

Dropped samples:

ZKenesa - Bropoii 110 uncjienHocTr Haceaenust ropog seiinapuu (mocste
Ilropuxa) u camblii rycroHaceseHHblil ropos; Pomanmn (dpankorosopsi-
mas gacrb [Iseiinapun). — OH OKpYKeH JIByMsI TOPHBIMU TIEHSIMA -
Asbmavu u FOpoii.

OnuBKOBOE MacCJIO TaKzKe UCIIOJIb3YyETCAd B MBIJIOBAPEHUU U B KaYE€CTBE

JIaMIIOBOro Maciia. — OJIMBKOBOE MaCJIO - 9TO pacTUTE/JIbHOE MacCJIO.

The final model was trained on both RSSE dev and Wikilarge filtered dataset, its hyperparameters
were chosen based on results on RSSE public test dataset, and the final score was obtained on RSSE
hidden test dataset.

5 Results and analysis

In the competition, submissions were scored based on SARI[6]. This metric includes F1 score of add,
delete and keep operations on n-gram level.

The evaluation results of the proposed model and the benchmarks are shown in Table 4. Iterative
deletion is our implementation that is not using a language model; instead it iteratively removes the
parts of syntax tree if it increases RuSimScore (partial implementation of [10]). The result of official
benchmark is taken from public test.

When more target sentence candidates are generated with the language model, the best candidates are
better in terms on SARI. However, generating too many candidate sentences causes drop in score. The
scoring function is selecting too short simplifications in this situation. See Table 5.

Different language model sizes are compared in Table 6. Medium model is slightly better then the
large one, and both perform better than the small model.

Ablation study of the scoring function is displayed in Table 7. All of the six functions that are included
in RuSimScore appear to be useful.

Examples of controllable simplification are shown in Table 8. We can see the effect of modifying the
weights of the scoring function. For example, increased SimS weight leads to more accurate but more
complex answer, and increased RS weight leads to less accurate but very simple result.

Table 4: Results

Model Hidden test SARI
ruGPT3 on filtered WikiLarge + RuSimScore 39.28
ruGPT3 on filtered WikiLarge 38.68
Official benchmark (mBART) 30.15
Iterative deletion with RuSimScore 32.40
First half of source text 30.33
Source text unchanged 11.04
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Table 5: Generated sentence count

Count | Hidden test SARI
100 39.28
30 39.39
10 39.16
1 38.68

Table 6: LM size dependency

Model Hidden test SARI
ruGPT3-small 38.89
ruGPT3-medium 39.34
ruGPT3-large 39.28

Table 7: Ablation study of scoring function

Model Hidden test SARI
Original RuSimScore 39.28
RuSimScore - SimS 37.22
RuSimScore - NS 38.94
RuSimScore - LS 39.03
RuSimScore - LeS 38.91
RuSimScore - DS 39.27
RuSimScore - RS 39.11

Tabsmma 8: Controllable simplification examples

Apxumangput J[noHnucuit TOpONUI OMoT9eHIe TIOCTIENTUTD K
MockBe u nampaBua KHA310 Tpyderikomy mpocb0y o6bein-
HUTHCSI CO BTOPBIM omoTdaeHneM.

Original sentence

Best model (balanced) Apxumanapur Juonucuii ckazan Kussio TpybenkoMmy Topo-

nurhesa K Mockse.

More accurate (increased | Apxumanapur InoHucuii npussa omnoJdeHne mMOCIeuTh K
SimS and NS weight) Mockse u nonpocusi Kusizst TpyOerkoro o0beIMHUTHCS C HU-
M.

Simpler (increased RS, LS, | Apxumannpur lnonucuit 6611 B MockBe n mpocni Boiicka
LeS, DS weight) IIOMOYb €MY
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6 Error analysis

Neural sequence to sequence models sometimes generate factually inconsistent abstractive
summaries[8]. Sentence simplification task is related to abstractive summarization, so we can expect
similar issues in our model.

We performed a human evaluation of 100 randomly selected simplifications produced by the model.
We asked the assessors to evaluate: 1) are the generated simplifications well formed Russian sentences
and 2) are they factually consistent with the originals. We evaluated two models: one with default scoring
function weights (according to highest SARI) and one with increased SimS and NS weights (to improve
accuracy). The results of the evaluation (Table 9) show that 20-30% of the sentences have issues with
factual consistency. Examples of the detected issues are shown in Table 10.

Table 9: Evaluation of 100 generated simplified sentences

Original weights | Better accuracy
Well formed sentences 90 93
Not well formed sentences 10 7
Factually consistent 71 81
Issues with factual consistency, including: 29 19
Omitting significant details 15 7
Wrong entity reference 8 6
Incorrect replacement word used 6 6

Tabmuna 10: Examples of factual inconsistency
Original sentence Bausaue opraHn3oBaHHOI NPECTYITHOCTH, HAPKOCHH KA~
TOB, MA(PUO3HBIX CTPYKTYP, B OCOOEHHOCTU — B I0XKHBIX Pe-
ruonax — Kamnanuu, Kamabpun n na Curuuu.
Omitting significant details Ha rore Kamnanusi, Kanadpus u Curiuius.

Original sentence Jleiich akKTUBHO HaYAJI MMOEIUHOK, IMPECCUHTYsI U 3ayKUMast
Jl>xoHca y KaHaTOB puHTra, HO Poif yMe10 yX0oauI OT yaapoB
1 OOJILITIHCTBO OJIOKHPOBAJL.

Wrong entity reference Poit araxosas I;koHca M TIBITAJICA €0 IIPECCHHIOBATH, HO
Poit ycremno orbusadsics.

Original sentence JleTorucipl yKa3bIBaJIM, YTO KOHU Y2K€ HE MOTJIA HE CTYIIATh
[0 TPyIaM, TaK KakK He ObLIO YMCTOr0 MECTA.

Incorrect replacement word | Jleronuciel nucasin, 9T0 KOHH y»Ke€ HE MOIJIM HE MAYKATh
used TPYIIBI.

We also performed human evaluation of the scoring function. For 20 examples we provided 5 different
simplifications and asked humans to order them from the most preferred one to the least preferred one.
Spearman correlation between ranks of simplifications assigned by human and by the scoring function is
0.53 which indicates moderate correlation. Sample size was small, so this metric needs further evaluation
on a larger scale.

7 Conclusion

The proposed model was able to produce higher results than the benchmarks, however the simplifications
produced by the model may be inaccurate and therefore require manual verification. Selecting the best
generated sentence with the scoring function improves the result, and scoring function is correlated with
human perception. A simple iterative deletion approach, guided by the scoring function, was able to
outperform the official benchmark. For future research, the scoring function can be used in different
setup, for example fine-tuning with reinforcement learning.
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