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About the workshop

The Proceedings of the XV Brazilian Symposium on Information Technology and Human
Language (STIL 2024) present the selected papers presented at the event held from
September 18 to 21, 2024, in the city of Belém, PA, in conjunction with the XXXIV Brazilian
Conference on Intelligent Systems (BRACIS 2024), XXI National Meeting on Atrtificial and
Computational Intelligence (ENIAC 2024), and XII Symposium on Knowledge Discovery,
Mining and Learning (KDMiLe 2024). In this edition, the proceedings compile the selected
papers for the Main Conference and the works accepted in its satellite events:

e XV Brazilian Symposium on Information Technology and Human Language (STIL 2024)
received a total of 99 paper submissions, consisting of 78 full papers and 21 short papers.
Among the full papers, 24 were accepted, resulting in an acceptance rate of 30%. As for the
short papers, 13 were accepted, corresponding to an acceptance rate of 62%. These works
were selected through a double-blind peer review process;

e |X Portuguese Description Conference (JDP 2024) received a total of 13 article
submissions, of which 10 were accepted, resulting in an acceptance rate of 77%. These
works were selected through a double-blind peer review process;

e | Workshop on Data Enrichment in Portuguese (PaDAWan 2024) received a total of 12
article submissions, of which 6 were accepted, resulting in an acceptance rate of 50%.These
works were selected through a double-blind peer review process.
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A Linguagem em Foco: Anotacao de Sinalizadores Discursivos
em Textos Jornalisticos
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Abstract. Due to their capability to enable the observation of linguistic and
social behaviors, annotated corpora have become of interest to various fields of
study. In the context of Rhetorical Structure Theory (RST), this paper presents
the methodological and practical processes involved in annotating discourse
markers within a Brazilian Portuguese journalistic corpus. Additionally, we
provide initial quantitative and qualitative assessments of the decisions made
by the annotation team.

Resumo. Por serem recursos que permitem a observagdo de comportamentos e
usos linguisticos e sociais, os corpora anotados passaram a ser de interesse de
diferentes dreas do conhecimento. No contexto da Rhetorical Structure Theory
(RST) apresentamos neste trabalho os processos metodologicos e prdticos de
anotagdo de sinalizadores discursivos em um corpus jornalistico do portugués
do Brasil. Ainda, apresentamos as primeiras avaliacdes (quanti e qualitativa)
sobre as decisoes tomadas pelo grupo de anotadores.

1. Introducao

A Linguistica de corpus (LC), enquanto area, instiga a utilizagdo de técnicas e meto-
dologias que nos levam a reunir grandes conjuntos de dados textuais (escritos, orais ou
multimodais), a fim de descrever fendmenos linguisticos. Em interface ao Processamento
de Linguagem Natural (PLN), uma das tarefas que a LC se propde a realizar € a anotacao
desse conjunto de dados, tida como “o processo de enriquecer um corpus, adicionando
informagdes linguisticas inseridas por humanos ou maquinas com um objetivo tedrico ou
pratico” [Pedro e Vale 2018].

Por serem recursos que permitem a observagdo de comportamentos € usos
linguisticos e sociais, os corpora anotados passaram a ser de interesse de diver-
sas areas do conhecimento, como Humanidades digitais, Linguistica e Computagao.



[Pustejovsky e Stubbs 2012] apontam que a anélise dos corpora permite desvendar a na-
tureza da linguagem e, consequentemente, capturar possiveis propriedades que possam
ser modeladas computacionalmente.

Porém, esse processo de anotacdo tende a ser custoso, ja que grande parte € re-
alizada de forma semiautomadtica e requer intervencao humana. [Hovy e Lavid 2010]
apresentam uma metodologia genérica sobre esse processo, que engloba etapas como
preparacdo do conjunto de dados, instanciacdo da base tedrica, anotacdo de fragmentos
do corpus, medicdo das decisdes de anotacdo e escalabilidade do processo de maneira
automadtica. No entanto, essa tarefa pode ser ajustada conforme o tipo de anotacao a ser
realizada, o que pode levar a omissao de algumas das etapas sugeridas pelos autores.

[Taboada e Das 2013] e [Liu e Zeldes 2019], a partir de corpora pré-anotados
com o modelo Rhetorical Structure Theory (RST) [Mann e Thompson 1987] identifica-
ram uma série de pistas linguisticas e estruturais que serviam de sinalizadores para as
relacdes discursivas previamente identificadas. Ambos os trabalhos organizaram os Si-
nalizadores Discursivos (SD) em funcao de suas caracteristicas (semanticas ou sintaticas,
por exemplo), pondo em xeque a ideia de que as relacdes RST deveriam ser identificadas
majoritariamente por meio de Marcadores Discursivos (MD), tidos como preposi¢des e
conjungdes.

Com base nessa metodologia, [Rodrigues et al. 2023] descreveram SDs para além
dos MDs a partir do corpus CSTNews [Cardoso et al. 2011]. Tal recurso linguistico-
computacional consiste em um conjunto de textos jornalisticos em Portugués que j4 havia
sido anotado segundo o modelo RST. A RST propde que um texto coerente € formado por
unidades minimas de discurso (Elementary Discourse Units - EDU ou proposi¢des) que
desempenham fungdes retoricas para que o objetivo comunicacional do autor seja atin-
gido. Partindo dessa anotagao prévia, os anotadores deste trabalho, por sua vez, identifi-
caram apenas os sinalizadores que consideraram relevantes para caracterizar e/ou indicar
determinadas relacdes, como em (1) - extraido do corpus CSTNews.

(1) [A selegdo brasileira masculina de volei,]4 [que é treinada por Bernardinho,]?
[venceu a Finlandia por 3 sets a 0.1¢

As porcdes (1a) e (Ic) foram conectadas por meio da relacio RST Same-Unit,
indicando que se trata da mesma unidade, ji que estdo separadas por haver deta-
lhamento informacional em 1B em relacdo a (la) por meio da relagdo Elaboration.
[Rodrigues et al. 2023] indicaram que a pontuacao (no caso, virgula), a concordancia ver-
bal e o encaixamento de outra relacio RST poderiam ser utilizadas como pistas para a
identificacdo da relacdo Same-unit.

Esse estudo preliminar resultou em um manual de anotacdo de SDs em textos
jornalisticos [Dantas et al. 2024], em que hd, além de instruc¢des, a proposta da primeira
taxonomia de sinalizadores de relacdes RST para o PB. Destaca-se que esse tipo de re-
curso com explicagdes, exemplos e instrugdes objetivas subsidia a decisdo dos anotadores
diante de fatos novos e/ou ja conhecidos [Duran et al. 2022].

Assim, objetivamos neste trabalho relatar as etapas metodoldgicas e praticas de
anotacao de SDs no corpus CSTNews, além de apontar as primeiras avaliagcdes sobre as
decisdes tomadas pelo grupo de anotadores. Para tanto, este trabalho estd organizado
em 5 secoes, além desta Introdugdo. Na Secdo 2, destacamos trabalhos relacionados ao



processo de anotacdo e andlise em RST, sobretudo para o PB. Na Sec¢ao 3, detalhamos a
metodologia de anotacdo empreendida neste estudo. Na Secdo 4 apresentamos os resulta-
dos e as discussdes correspondentes. Por fim, na Se¢do 5, tecemos algumas consideracoes
finais.

2. Trabalhos Relacionados

Identificar relacdes RST por meio de marcas explicitas no texto ndo é uma tarefa nova,
especialmente em PLN para anélise de discurso. Os MDs sdo tidos como conectivos en-
tre porcoes textuais, sinalizando determinadas relacdes discursivas, como o “mas” para
oposi¢do, por exemplo. A andlise das relagdes discursivas (ou de coeréncia) estd intima-
mente ligada a descobrir a inteng¢ao do autor ao apresentar partes do texto em uma ordem
e combinacdo especificas. Portanto, trata-se de uma tarefa que vai além de identificar os
MDs.

A literatura [Marcu 2000, Pardo 2005, Taboada e Das 2013] indica que a
identificacdo de MD, em func¢do da relacdo RST a que ocorrem, facilita o processamento
do texto. Estudos recentes [Das e Taboada 2018, Liu e Zeldes 2019] afirmam que os MDs
sinalizam apenas um ndmero restrito de relacdes dentro de um texto, e sugerem que as
relacoes RST podem ser identificadas por sinais que vao além deles. Como os MDs nao
marcam explicitamente as relacdes e nao sdo exclusivos, a no¢do de SD parece ser mais
apropriada do que a de MD nesse contexto.

[Das e Taboada 2018] argumentam que para uma comunicagao ser eficaz, é funda-
mental que as relagdes sejam interpretadas de maneira relativamente clara, o que requer
sinalizadores precisos. Os autores acreditam que as relacdes de coeréncia sdo entida-
des cognitivas, e, portanto, € possivel descobrir como ouvintes e leitores as identificam
usando indicadores que auxiliem o processo interpretativo. Utilizando o RST Discourse
Treebank, os autores realizaram uma anotacdo detalhada dos SD, resultando no RST Sig-
nalling Corpus (RST-SC). Eles observaram que pode haver relagdes sinalizadas por um
unico sinalizador (como MD, referéncias pessoais, oragdes relativas ou dois pontos) ou
por combinagdes de SD (como virgula + ora¢do no participio passado, ou constru¢ao
sintdtica paralela + cadeia lexical). Quando surgia uma nova instancia de um tipo es-
pecifico de relacdo, os anotadores consultavam a taxonomia para encontrar o(s) sinaliza-
dor(es) mais adequado para aquela instancia. Durante o processo de anotagdo, os autores
observaram casos em que nao foi possivel determinar com precisao o SD que representava
uma determinada relacao.

Em [Liu e Zeldes 2019] descreve-se um esforco de anotagdo para ancorar SD a
partir de diversas categorias tais como sintatica, semantica, grafico and morfoldgica. Seus
resultados mostraram que, com 11 documentos e 4.732 fokens, 923 foram instancias de
SD, o que representou mais de 92% dos sinais discursivos. O tipo semantico representou
a maioria dos casos, enquanto as relagdes discursivas ancoradas por DM corresponderam
a apenas cerca de 8,5% dos tokens ancorados.

Quanto a lingua portuguesa, [Pardo 2005] foi o precursor em investigar a
construcdo de analisadores discursivos. A partir de um corpus de textos cientificos e
anotado com RST, o autor identificou diversos padrdes de andlise que especificam os re-
lacionamentos entre as relacdes retdricas e seus marcadores textuais. Apesar de muitos
padrdes serem baseados em MD, o autor ressalta que nao existe uma relagdo sine qua non



entre MD e as relagdes que sinalizam, pois uma mesma relacdo pode ser sinalizada por
vérios marcadores (por exemplo, a relacdo Concession pode ser sinalizada pelos marcado-
res “‘entretanto”, “no entanto”, entre outros) € um mesmo marcador pode sinalizar varias
outras relagdes (por exemplo, o marcador “porque” pode sinalizar as relacdes Cause e

Result (volitivas ou ndo), Justify, Explanation, entre outras).

Ainda com relacio ao portugués, [Maziero2016] investigou atributos de
organizagao textual, da morfossintaxe, da sintaxe, da semantica e discurso para construir
um analisador discursivo baseado na RST. A partir da andlise de corpora anotados com
RST, o autor aponta que: a) existem relagdes que apresentam grande subjetividade, tais
como as relacdes Evidence, Justify e Explanation; b) arelacdo Same-unit ocorre apenas no
nivel intrassentencial, o que € esperado, pois € responsavel por ligar proposicdes quebra-
das por uma relagcdo de Parenthetical ou Elaboration, por exemplo; c¢) algumas relacdes
sdo mais frequentes no nivel intrassentencial do que no inter-sentencial. ApOs varios
experimentos com aprendizado de médquina para identificacdo das relagdes discursivas
no nivel intrassentencial, o autor concluiu que atributos morfossintaticos proporcionaram
melhores resultados do que os atributos semanticos e discursivos.

3. Metodologia

A anotacdo de SDs foi feita a partir do corpus CSTNews!. Os textos do corpus estdo

organizados em 50 conjuntos, com dois ou trés documentos que noticiam o0 mesmo evento.
Por essa caracteristica multidocumento e de redundéncia, a anotagdo foi feita apenas no
maior texto do conjunto, pois acreditamos que quanto maior for o texto, maior € a chance
de encontrarmos mais relagdes RST e, possivelmente, essas relacdes ocorram nos outros
outros textos da mesma colecdo. Nesse caso, foram separados 50 textos para esta tarefa
de anotagdo.

A anotacdo de SDs foi realizada por meio da ferramenta rstWeb [Zeldes 2016],
que € uma plataforma desenvolvida para facilitar a analise e a anotacdo de textos com
base na RST. Essa ferramenta permite aos usudrios realizar andlises estruturais detalhadas
dos textos, identificando proposi¢des e suas relacdes de coeréncia conforme proposto pela
teoria. Neste trabalho, a taxonomia de SDs, na Figura 1, foi implementada.

Os textos escolhidos foram pré-processados e distribuidos a um grupo de oito
pesquisadores. A anotagdo aconteceu de maneira assincrona, em que cada anotador re-
cebia semanalmente 3 ou 4 textos. Cada texto foi anotado por trés anotadores para que
pudéssemos ter uma versao do corpus com a decisdo sobre a indicacdo dos SDs por mai-
oria simples.

Para promover discussdo e resolu¢cdo de duvidas, especialmente sobre casos nao
previstos pelo manual, foram conduzidas reunides semanais com o grupo. Além disso,
dois dos anotadores, por terem mais experiéncia com tarefas nesse sentido, nunca ficavam
juntos no trio, para que pudessem auxiliar na resolu¢do de dividas de maneira assincrona.
Ressalta-se que os anotadores possuiam diferentes formacdes académicas (linguistas ou
cientistas da computacdo) e com experiéncias distintas em tarefas de anotacao de corpus.
Por conta disso, foi necessdria uma etapa de treinamento para que o grupo se familiari-
zasse com a taxonomia de SDs e com o modelo RST, além de ter acesso ao manual de

'Disponivel em: http://nilc.icmc.usp.br/CSTNews/login/?next=/CSTNews/
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Figura 1. Taxonomia de sinalizadores discursivos proposta por Autores (2023).
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Figura 2. Taxonomia de sinalizadores discursivos proposta por Autores (2023).

anotagdo para auxiliar em suas decisdes.

Na fase de treinamento, foi realizada a anotacdo de trés textos do corpus. Em
reunides sincronas, os anotadores puderam corrigir possiveis equivocos e identificar quais
unidades do discurso deveriam ser devidamente anotadas, ou seja EDUs que estivessem
presentes em um mesmo periodo sintatico.

Na Figura 2, t€ém-se um exemplo de anotacdo para a relagdo Circumstance. Essa
relacdo RST deve apresentar uma situagdo realizavel, em que o satélite (EDU 1, prove
a situacdo que € apresentada no nucleo - EDU 2). No exemplo, tem-se que essa relagdao
estd sendo sinalizada por meio de Advérbio (vermelho), Oragdo circunstancial (azul) e
Pontuagao (lilas).

Trés textos de diferentes tamanhos foram anotados por todos os anotadores em
distintas fases do processo, com o objetivo de medir periodicamente a concordancia do
grupo. Esse processo se repetiu a cada 10 conjuntos de textos anotados. Ao final de 2
meses, 47 textos foram anotados.



Trecho anotado com a relacao RST . e N
. ¢ Anotadores | Sinalizadoes indicados
Concession
“Tal capacidade de mutacdo fez escola, | A “mas” + )’
mas dificilmente as criaturas saberao B “mas” + )’
superar o criador.” C “mas”

Tabela 1. Comparacao de anotacoes.

A concordancia foi medida automaticamente a partir de duas abordagens. Na
abordagem gold observa-se estritamente o que o grupo de anotadores apontaram como
sinalizador, sendo, portanto, mais restrita. J4 na abordagem silver definiu-se um intervalo
de cinco janelas (a esquerda e a direita) em relacdo ao sinalizador-alvo, como demons-
trado na Tabela 1.

Na Tabela 1, tem-se um exemplo de como as duas abordagens da concordancia
foram aplicadas. Os anotadores A e B indicaram os mesmos sinalizadores, ao passo que
o sinalizador C indicou apenas um em comum com o grupo. Caso fosse considerada
apenas uma andlise mais restritiva sobre a concordancia, a decisao do anotador C prejudi-
caria o cdlculo, ao passo que numa abordagem mais ampla, sua decisdo ndo traria tantos
prejuizos.

Apesar de todos os esfor¢cos metodoldgicos de distribuicao de textos, e de todos os
anotadores estarem alinhados junto ao modelo tedrico e a ferramenta utilizados, € possivel
que fatores externos a tarefa influenciam na disposic@o dos anotadores, fazendo-os even-
tualmente nao apenas discordarem sobre um sinalizador, mas também nao se atentarem
a realizar a indicacdo adequada. Por conta disso, escolheu-se neste trabalho nio ape-
nas realizar uma andlise mais restrita sobre a concordincia, mas também mais ampla,
admitindo-se nesta, sobretudo, a dimensao mais subjetiva da tarefa.

Em ambas as abordagens utiliza-se a medida Krippendorff Alpha
[Krippendorff 2011]. Trata-se de uma medida que avalia a concordancia entre dois
ou mais anotadores, o que se encaixa melhor no contexto deste trabalho, ja que cada texto
foi anotado por trés pessoas. O resultado da concordincia € medido num intervalo que
varia entre -1 e 1, em que valores mais proximos a 1 indicam alta concordancia; valores
préximos a 0 indicam baixa concordancia; e valores proximos a -1 indicam discordancia
total.

4. Resultados e Discussao

Na Tabela 2, tem-se a média dos resultados das concordancias gold e silver da anotacio
em diferentes etapas do processo. Como dito, na fase de treinamento (clusters 1, 2 e 3),
os anotadores realizaram uma primeira anotacao e, apés reuniao de alinhamento, fizeram
corregdes. O célculo da concordancia geral (clusters 16, 31 e 39) foi feito sobre 0 mesmo
texto anotado por todo o grupo.

Dado que o processo de anotacdo pode ser longo e complexo, fatores externos
aos aspectos linguisticos (como cansago e diminui¢cdo da aten¢do, por exemplo) pode ter
influenciado os anotadores. E possivel perceber isso ao comparar as fases de treinamento
com as demais, em que as demais sofreram decréscimos discretos. Além disso, outro
possivel aspecto que pode ter influenciado nesse resultado € a distribui¢ao das relagdes



Concordancia
Fase do trabalho Gold | Silver
Treinamento 0,581 | 0,693
Concordanca geral 0,460 | 0,596
Rodadas de anotagdo | 0,496 | 0,691

Tabela 2. Resultado da concordancia.

RST no corpus CSTNews. [Cardoso et al. 2011] apontam que ha relacdes RST que ocor-
rem apenas uma vez, como Otherwise, por exemplo, e outras que aconteceram de maneira
predominante, como Elaboration, que ocorreu 1,514 vezes. Nesse caso, é possivel que,
ao se deparar com uma relagdo RST ndo prevista na fase de treinamento e, portanto, au-
sente no manual de anotacao, os anotadores enfrentaram dificuldades em indicar possiveis
sinalizadores das relagdes em questao.

Além de uma andlise quantitativa, foram feitas observacdes qualitativas prelimi-
nares. Para tanto, durante a anotacdo, os anotadores realizaram indicacdes de duvidas,
inconsisténcias e/ou outras questdes em um formuldrio eletronico. Ao final de cada se-
mana, todos os apontamentos eram compilados e discutidos entre o grupo para aprimorar
o processo. A partir disso, € possivel destacar alguns pontos:

a) Consideracoes sobre o processo de anotacao

Em caso de ndo encontrar uma etiqueta para representar o fendmeno observado, o
anotador poderia registrar os fokens envolvidos e marcar como CPD (Casos Para Discutir
depois). Em discussdes e andlises preliminares, os anotadores destacaram a intengdo
de marcar as entidades mencionadas no segmento textual. [Das e Taboada 2018], por sua
vez, descrevem que os anotadores discordavam bastante entre entidade e tipos semanticos,
ou seja, enquanto um anotador seleciona entidade como o sinal relevante para uma certa
relacdo, o outro anotador a anota como sendo semantica. Os autores observaram que
muitos dos atributos de entidade e caracteristicas semanticas na verdade se sobrepdem.
Dessa forma, essa dificuldade acontece também para a lingua inglesa.

Assim como [Liu 2019, Das e Taboada 2018] relatam, também observamos no
corpus de estudo vdrias relagdes que ndo tinham um token explicito para servir de si-
nalizador. Esses casos foram registrados como CPD. Por outro lado, as primeiras anélises
revelaram que alguns SD sdo altamente indicativos, enquanto outros sdo genéricos ou
ambiguos. Assim, para obter uma compreensao mais precisa, € necessario considerar os
contextos ao redor dos SD para desambigua-los.

b) Consideracoes sobre dificuldades e limitacoes encontradas

A anotacdo das relacdes RST é um processo que se baseia na interpretagdo do
analista. Assim, a depender dessa interpretacdo serdo indicadas determinadas relacdes
RST em detrimento de outras, resultando, entdo, em diferentes sinalizadores para essas
relacdes. Neste estudo, a identificacdo de SDs foi feita por um grupo majoritariamente
diferente de quem fez a anotacdo RST, com uma distancia temporal consideravel entre
as duas tarefas. Esse fato, portanto, pode ter sido um dificultador para o grupo que fez a
indicacao dos sinalizadores.

Além disso, os anotadores destacaram que algumas relacoes RST utilizadas no



CSTNews sao mais dificeis de interpretar, e consequentemente, torna-se um desafio apon-
tar SD especificos, como exemplificado em (2).

(2) (...) [com o Programa Fome Zero, conseguiu atingir o primeiro ponto
das Metas do Milénio - erradicar a fome -, com dez anos de antecedéncia,]”
[reduzindo em mais da metade a pobreza extrema.]?

O trecho (2b) em relacdo ao trecho (2a) apresenta a relacdo Volitional result, ou
seja, o resultado ocasionado foi nao intencional. Nesse caso em especifico, os anotadores
indicaram que o sentido do verbo “reduzindo” seria o indicativo do resultado, porém sem
menc¢do ao aspecto volitivo. Destaca-se que a maioria dos rols de relagdes para outras
linguas ndo preveem diferenga nesse aspecto.

Outro aspecto que parece ter apresentado dificuldade aos anotadores foi o fato de o
manual de anotagio ter sido desenvolvido com base no estudo de [Rodrigues et al. 2023] e
os resultados da fase de treinamento. Como citado, relagdes e sinalizadores que nao esta-
vam previstos e que ocorreram ao longo do corpus podem ter ocasionado certos equivocos
entre os anotadores. Ademais, o fato de o manual indicar certa correlacdo entre SDs e
relagdes pode ter condicionado o olhar dos anotadores, como demonstrado em (3).

(3) [nesta terca deve se encontrar com o relator do caso na Camara, deputado José
Carlos Aratjo (PR-BA)]A [para tratar do assunto.]?

De acordo com [Cardoso et al. 2011], a sentenca entre (3a) e (3b) é de Purpose.
O manual de anotacdo de SDs utilizou esse exemplo e indicou que a preposi¢ao “para”
pode ser utilizada para identificar essa relacdo. Entretanto, o objetivo entre os segmentos
pode também ser evidenciado por meio de “oragdo final” presente em (3b). Nesse caso,
€ possivel que os anotadores tenham sido condicionados a partir de determinados pressu-
postos sobre as relagdes, ainda que tenham sido estimulados a indicarem em formulério
eletronico outros possiveis SDs e definicdes ndo previstos no manual.

Por fim, cabe pontuar que no repositério online do projeto de pesquisa “RST além
dos marcadores discursivos”? disponibilizamos para consulta o corpus com a versio uni-
ficada entre os anotadores, a anotacdao de SDs e a planilha completa da concordancia dos
anotadores.

5. Consideracoes Finais

Neste trabalho buscamos detalhar a metodologia empregada na identificacdo de SDs em
textos jornalisticos a partir da taxonomia proposta por [Dantas et al. 2024]. Destacamos
que um estudo com essa abordagem em PB ainda nao havia sido realizado, ao contrario
do que ja ocorre em outros idiomas, especialmente o inglés.

Os resultados relatados podem subsidiar outras analises em estudos futuros. Um
desses estudos se concentra na investigacao quali e quantitativa da correlacdo entre SDs e
as relacdes RST, algo ja iniciado por [Rodrigues et al. 2023] e tal como outros trabalhos
fizeram [Liu 2019, Das e Taboada 2018, Pardo 2005]. Outro estudo serd em relacdo a
concordancia de aspectos da anotacdo, como tipos (sintdtico e semantico, por exemplo)
e subtipos (pronome relativo e conhecimento de mundo, por exemplo) dos sinalizadores.
Ao final desses estudos serd possivel fazer o levantamento da distribui¢cdo dos SDs no

’Disponivel em https://sites.google.com/view/rst-poetisa/



corpus, bem como observar quais sao mais ou menos consensuais entre os anotadores.

Dados os apontamentos criticos realizados sobre as limita¢Oes identificadas,
destaca-se que este trabalho apresenta potencial de servir de diretriz de investigacdes de
andlises sobre as relagdes RST e seus SDs e aprimoramento de ferramentas e recursos
para anotacdo de corpus. Tais aspectos sdo de extrema importancia ao alargar a anotac¢ao
a escalas maiores buscando nio apenas ampliar a quantidade de textos, mas também di-
versificar os géneros textuais a serem considerados.
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Abstract. In this article, we propose a pipeline to fine-tune domain-specific
Speech-to-Text (STT) models using synthetic data generated by Artificial In-
telligence (Al). Our methodology eliminates the need for manually labelled
audio data, which is expensive and difficult to obtain, by generating domain-
specific data with a Large Language Model (LLM) combined with multiple Text-
to-Speech (TTS) solutions. We applied our pipeline to the radiology domain
and compared the results with different approaches based on the availability
of domain-specific data, varying from the total absence of domain-specific data
to the use of only domain-specific high-quality data (ground truth). Our per-
formance improved the accuracy of the baseline by 40.19% and 10.63% for
the WhisperX Tiny and Small models, respectively, which, although performed
worse than the results from using the ground truth, shows that it is possible
to achieve good results with minimal cost and effort. Finally, the result analysis
shows a good insight into the amount of action necessary to achieve good results
based on the availability of real data.

1. Introduction

Automatic audio transcription, commonly referred to as Speech-to-Text (STT), has been
a common practice for many work fields, such as health, justice, education, and business
[Kumar 2024]. However, precision in recognizing and transcribing language is impor-
tant to guarantee the correct and efficient use of the transcribed information. That is
especially important in domain-specific applications, in which the use of technical terms
and jargon increases the recognition and transcription challenge [Suh et al. 2024]. How-
ever, many of the typically available solutions for this problem are built on generic data.
Due to that, their results are of lower quality when used in domain-specific scenarios
[Chan et al. 2016].

A common approach to solving this issue is to build and refine solutions using
domain-related contexts, vocabularies and other types of data [Huang et al. 2020]. Nowa-
days, it is standard to use generic Al models as the base for STT solutions and fine-tune
these models with domain-specific data [Mak et al. 2024]. However, the fine-tuning pro-
cess is expensive and requires a significant amount of data and effort [Hu et al. 2022]. For
medical applications, for example, it is necessary to collect sensitive data, have health pro-
fessionals check, correct and validate it, and guarantee its privacy and security in regard
to the involved patients and personnel [Johnson et al. 2014].

Nevertheless, the need for high-quality STT solutions is evident in many work
sectors. In Radiology, for example, it is a common practice to have physicians use STT

11



tools in their work practice to increase productivity over traditional transcription, the lat-
ter in which the professional records a report via voice to be later transcribed manually
by another professional (usually without a medical background) [Hammana et al. 2015].
Any errors or delays in this process may result in possible harm and consequences to
the patients and their treatments [Vorbeck et al. 2000]. Another common example is
courts and judicial procedures, in which a large quantity of domain-specific texts is gen-
erated and often transcribed manually, resulting in expensive and inefficient processes
[da Cruz et al. 2022].

In this context, this work proposes a low-cost pipeline for the training and fine-
tuning of STT Al models when domain-specific data is required but not readily available.
Our pipeline is based on the use of Al models to generate synthetic domain-specific data.
For that, we have used a Large Language Model (LLM) to produce domain-specific con-
tent that simulates real use cases. Specifically for this work, we have explored the radiol-
ogy domain, generating data for synthetic radiology reports using an LLLM and a specific
prompting approach. The synthetic data is then converted into audio files through Text-
to-Speech (TTS) tools. Thus, the fine-tuning process is done entirely using synthetic data
generated via Al. Additionally, due to the focus on being a low-cost solution, the results
of this work were done by using inexpensive or freely available solutions. Simultane-
ously, this work also presents a comparison analysis of a range of possible final results
depending on the availability of domain-specific data.

2. Related Work

Automatic audio transcription has been a fruitful research field in computer sciences over
many years [Yu et al. 2010, Blackley et al. 2019]. Many of the traditional works in this
field are focused on the inherited challenges of it, such as handling language subtleties,
structure, and fluency [Gontier et al. 2021], and the limitations on the access of adequate
datasets [Hu et al. 2022]. These challenges increase when dealing with domain-specific
scenarios [Samarakoon et al. 2018].

In regards to datasets, the majority of works in the field use datasets in the
English language [Casanova et al. 2022]. When working in scenarios with other lan-
guages, researchers must not only solve the recurrent STT challenges but also adapt
their solutions, such as done by Gruzitis et al. [Gruzitis et al. 2022] which adapted
their models to the Latvian language, and the work of Vivancos-Vincente et al.
[Vivancos-Vicente et al. 2016] for Spanish and Portuguese. Alternatively, the work pro-
posed by Casanova et al. [Casanova et al. 2022] shows an alternative to training models
for different languages based on data augmentation from only one speaker for the targeted
language, using cross-lingual voice conversion and multi-speaker TTS techniques.

Moreover, access to good domain-specific datasets is a challenge, and its produc-
tion involves high costs with domain experts, data analysis, and validation. This prob-
lem is often faced with the use of synthetic data [Li et al. 2018, Rosenberg et al. 2019,
Laptev et al. 2020, Huang et al. 2020, Yang et al. 2023]. However, synthetic data is fre-
quently distant from real use cases due to the absence of mistakes and imperfections
that are often common in human-made data, which makes it “too perfect” compared to
real-world cases. This*“perfection problem” is handled with the introduction of synthetic
errors and imperfections, such as done by the Synt++ solution proposed by Hu et al.
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[Hu et al. 2022], in which noise and random artefacts are introduced to the synthetic data
generation so it more closely resembles real-life data.

Only recently the process of data synthesis using LLM have been explored, such
as the work presented by Vasquez-Correa et al. [Vasquez-Correa et al. 2023], which gen-
erates domain-specific synthetic data through prompting to fine-tune an STT solution for
the English, Spanish, and Basque languages. Silva et al. [Silva et al. 2024] also uses an
LLM to generate synthetic data for a hardware failure prediction dataset. Their dataset
was generated from problem categories and reports from major component manufacturers
in the market.

Similarly, this work proposes a new approach to synthetic data based on prompt-
ing. The synthetic data is then converted into audio files through TTS algorithms and used
to fine-tune a generic STT Al model. Our approach uses a simple and low-cost generic
STT Al model as a means to prove its usefulness in scenarios with minimal resources.
Moreover, this work presents a comparison analysis of results based on the availability of
domain-specific data, varying from the total absence of domain-specific data (our solu-
tion) to the use of only domain-specific high-quality data (an ideal solution).

3. Methodology

3.1. Datasets

To validate the efficiency of our proposed pipeline, we used a dataset of manually labelled
audio data from radiology professionals, which was divided into a set for training and
another for testing. The training set included 98 audio files from two cisgender male
radiologists with a total duration of 1 hour, 10 minutes and 8 seconds of audio. The
testing dataset consisted of 82 audio files from the same two radiologists, with a total
duration of 1 hour, 4 minutes and 21 seconds of audio. Both training and testing sets had
an equal amount of audio files for the two radiologists, and all audio files were spoken in
Portuguese. All audio files were recorded in real-world scenarios, including background
noise from the respective workplaces, audio artefacts, and other common issues. This
dataset constitutes our ground truth dataset, which was used to compare with the results
from the other approaches explored.

3.2. Methods and Technologies

The transformers library by Hugging Faces [Vaswani 2017] was used to fine-tune the STT
model, which was also configured for the Portuguese language. We opted for a traditional
fine-tuning process using all of the available weights. For the inference, we have used the
WhisperX model [Bain et al. 2023], which offers a quicker and more precise transcrip-
tion, with the Ctranslate2 backend for better compatibility and reduced inference time.
The main reason for using WhisperX was the presence of an internal Voice Activity De-
tection (VAD), which considerably reduces the hallucination tendencies and optimizes the
use of VRAM [Koenecke et al. 2024].

We have used GPT-40 as the LLLM to generate synthetic domain-specific radiology
reports using a specific approach and prompts [Islam and Moushi 2024]. The synthetic
reports were fed into TTS solutions to generate audio files for the fine-tuning process.

As TTS solutions, we have used the ElevenLabs solution!, which is fairly low cost

Thttps://elevenlabs.io/
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for its quality, and the Google Text-to-Speech?. Both tools allowed for a variety of into-
nations, speech styles, and variations, which helped to reduce the “perfection problem”
often produced in synthetic data. Furthermore, the use of two TTS solutions improved the
representation and diversity of speech patterns and accents.

3.3. Metrics

The Word Error Rate (WER) metric was used to assess the precision of the STT solutions
[Ali and Renals 2018]. The WER metric is calculated by the ratio between the number of
transcribed errors and the number of words originally spoken. These errors are classified
as Substitutions (.5), Insertions (I), and Deletions (D). The WER formula we used was:
WER = %, where N is the number of words originally spoken.

4. Results
4.1. Proposed Pipeline

- -2

Prompt Domain-Specfic

/ Text \

Sl @ — @

Text-to-Speech Synthetic Al Fine-Tuned
Solution(s) \A /V Dataset Speech-to-Text
1|I||||||u||

Domain-Specfic
Audio

|

Figure 1. Proposed Pipeline.

As shown in Figure 1, the proposed pipeline aims to fine-tune an STT model using
a set of synthetic domain-specific data. It starts with a specialist prompt for the LLM. This
specialist prompt must consider specific terminology and domain-specific information to
guarantee that the synthetic data closely resembles real-life data.

The LLM-generated synthetic data is fed into TTS solutions and converted into
audio files. It is important to include variations in tone of voice and synthetic noise in this
process to reduce the “perfection problem”. Together, the LLM-generated synthetic data
and its audio representation compose the Al-labelled dataset. This dataset is then used to
fine-tune the STT model of choice.

4.2. Al-Labelled Dataset

GPT-40 was used as the LLM tool for the domain-specific synthetic data generation. For
that, we first introduced the model to the radiology context and gave it a series of radiology
specialities and exam types, such as computer tomography and radiography. Furthermore,
to guarantee typical report-style phrasing, we instructed the LLM to create phrases and
sentences in a progressive format, starting from normal descriptions, followed by potential

2https://cloud.google.com/text-to-speech
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findings and specific diagnostics for those. Finally, the LLM was instructed not to include
abbreviations and to provide the results in a JSON format without additional text. The
prompt used can be seen in Figure 2.

You must generate {number_of_phrases} phrases in Portuguese that could be present in a {t ype_of_report} report
made by a physician expert on a specific medical field you will be given as input. Generate the phrases and sentences
following a logical chain of thought, starting from regular cases and progressing to possible findings and specific diagnostics
related to the given context. Explore multiple phrase types, ranging from basic descriptions to detailed conclusions. Avoid
using abbreviations, and every time you need to mention a specific term, use it in its most complete form (for example, use
centimetres instead of cm and beats per minute instead of bpm).

Format the output: return a JSON object with the phrase list. Do not include any additional text before and after the JSON.
JSON output example:

{
"phrases": [
"O paciente apresenta ritmo cardiaco regular, com 72 batimentos por minuto.",
"A imagem mostra um aumento moderado no tamanho do ventriculo esquerdo.",
"Ndo hd evidéncias de derrame pleural ou ascite."
]
}

Output only the JSON with the {number_of_phrases} phrases without additional texts.

Figure 2. Prompt used to generate domain-specific radiology texts. The example
phrases and sentences are written in Portuguese to exemplify better the input we
used.

As previously mentioned, we have used two TTS tools for the synthetic audio
generation: ElevenLabs and Google Text-to-Speech. The use of both tools is meant to di-
versify the generated data with varying speaking patterns, rhythm, intonation and quality.

We generated 46 minutes and 43 seconds of audio using ElevenLabs in a total of
980 files. These files were equally split into five different male voices. As for the Google
Text-to-Speech, we generated 58 minutes and 55 seconds of audio, again, in a total of 980
files, using only one male voice available. The dataset for the synthetically generated data
is available in a GitHub repository”.

Figure 3 (a) and (b) shows the audio length distribution for the synthetic dataset
compared to the real, manually labelled data we had. As seen, the overall distribution
is quite similar, while the synthetic data tends to be shorter, resulting in more files. The
word cloud in Portuguese for both datasets can be seen in Figure 3 (c) and (d). Both
datasets show domain-specific terms, with a greater presence of punctuation terms (com-
mas, dots, etc) on the real dataset. Alternatively, the synthetic dataset has a higher pres-
ence of phrases such as “Nao h4d” or “Ha4 sinais” (meaning “There is no” and “There are
signs of,” respectively in English), showing a tendency to repeat phrase structures with
the same starting terms. The distribution of terms and times between TTS tools is fairly
similar.

4.3. Analisys

Figure 4 shows the results for the WER metric for four different scenarios: a base-
line (WhispherX without fine-tuning); WhispherX fine-tuned using the synthetic data;
WhispherX using synthetic audio data generated from real radiology reports; WhispherX

3https://github.com/AtkLLM/AI-DrivenSpeechModel-Dataset
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Figure 3. Histograms of audio length used: (a) histogram of the duration of man-
ually labelled audio files used for training; (b) histogram of the duration of Al-
generated audio files; (c) Word Cloud from Real Data; (d) Word Cloud from Syn-
thetic Data;

fine-tuned using the ground truth (ideal scenario). The results are shown for both the
WhisperX Small and Tiny versions, its smallest and more easily accessible forms.

In both cases, for the WhisperX Tiny and Small versions, the behaviour was fairly
similar, with the Tiny version having considerably higher values for the WER compared
to the Small version. The baseline, as expected, presented the highest WER value (104.13
and 37.35), while the ground truth version achieved the lowest one (40.11 and 23.11). Itis
worth mentioning that the ground truth Tiny version while performing significantly worse,
achieved a similar WER when compared to the baseline Small version (40.11 compared
to 37.35).

It is worth noting that the high WER value from the baseline WhisperX Tiny is
the result of hallucination, which made the model include words that were not present in
its results. That made the WER value rise above 100%.

Our proposed pipeline, which used only synthetic data for the fine-tuning process,
achieved a WER of 62.28 and 33.38 for the Tiny and Small versions, respectively, which
correspond to an improvement of 41.85% and 10.62%. These results were achieved us-
ing only the audio files generated by ElevenLabs, which performed better than the ones
generated by the Google-TTS tool (WER equal to 70.96 and 33.94 for the Tiny and Small
versions) and by a combination of both ElevenLabs and Google-TTS (WER equal to 66.75
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and 33.94 for the Tiny and Small versions).

To exemplify a case in which there are some real-use data for the fine-tuning, we
have tested using only real-case radiology reports (ignoring the LLM step) and producing
the audio data from them using the same TTS tools mentioned previously. This new data
was used to fine-tune both WhisperX Tiny and Small versions, achieving the WER of
56.24 and 30.76, respectively, which are 45.99% and 17.64% better than the baseline. For
these results, we have only used audio data generated by ElevenLabs since it achieved
better results in previous tests.

Our results show that it is possible to achieve better outcomes by using a com-
pletely synthetic approach. While it still performs worse compared to approaches with
real-data approaches, it shows a promising approach that has plenty of room for experi-
mentation and improvement and incurs a very low cost compared to generating a dataset
with real data.

WhisperX Small WhisperX Tiny
40 ~ 37.35 120
33.38 104.13
30.76 100
#
23.11 80
o
W go 56.24
; 40.11
40
...... 0 i
Baseline OurSolution  RealData+ Ground Truth Baseline OurSolution RealData+ Ground Truth
TTS TTS

Figure 4. Results from the four approaches using both WhisperX Small and Tiny
models. The WER metric is shown on the y-axis.

The ground truth results are, as expected, the best results with the lowest WER
values for both models. However, it is also the most expensive approach with its caveats
and challenges. Moreover, it is not unlikely that its best results are a consequence of some
level of overfitting since the training and test data come from the same physicians using
the same equipment in the same environments. On the other hand, the synthetic dataset
was composed of a wider variety of voices and intonations that, while similar to the real
ones in terms of context and intonation, are still fairly different. On that, the wider range
of possible voices from the ElevenLabs tool might explain why it performed better than
the Google-TTS tool. From our experiments, the Google-TTS tool tends to generate very
clean and “perfect” robot-like audio files that are remote from real-use cases.

5. Conclusion

This work presented a pipeline for fine-tuning domain-specific STT solutions using syn-
thetic data produced by a combination of LLM prompting and TTS tools. Our proposed
pipeline produces good-quality synthetic data and overcomes the “perfect problem” by
using TTS tools for a wider range of voices, intonation, and thythm. Our findings show
that our pipeline improves the results compared to a non-fine-tuned solution.

Given the results, we can also make assumptions based on the availability of real
domain-specific data. As Figure 4 shows, and as expected, the more real data used, the
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better the results. Yet, the difference between the use of some real data (using real-case
reports data with TTS for audio generation) and 100% synthetic data is not significant
(about 10% improvement for the Tiny model, and 8% improvement for the Small model,
when comparing both approaches), indicating that in some cases, the synthetic-only ap-
proach might provide good enough results. Nevertheless, it is worth spending resources
acquiring domain-specific knowledge and data, especially to produce a specialist LLM
prompt required by our approach, but it will not necessarily reflect a significant improve-
ment over the synthetic data.

Our choice of using WhisperX Tiny and Small models is focused on providing
a low-cost solution for domain-specific scenarios. Higher WhisperX models are likely
to provide better results, but they require expensive hardware and more resources for
training. Besides that, higher models would require higher costs to host online for a
production-ready solution. Considering our scenario, considerable investment would be
required to host such a strategy for a single hospital with multiple simultaneous physicians
working at the same time daily. Yet, our results indicate that, with the use of a ground truth
dataset, it might be possible to improve a simpler model through fine-tuning to perform
as well as a baseline better model, as we saw with the results from the ground truth fine-
tuned Tiny model compared to the baseline Small model. In our preliminary tests, we
found that the baseline WhisperX Medium model has a WER of 28.85, which is slightly
higher than the ground truth fine-tuned WhisperX Small model we presented (23.11).

Besides operational costs, the complexity of the AI model used impacts its infer-
ence time (the time it takes to generate the output given the input). Simpler models, such
as Tiny and Small, have a relative inference time significantly smaller than larger models
[Bain et al. 2023]. For real-time settings, this is of major importance, such as the one
explored in this study for radiology STT solutions.

As future work, our pipeline could be assessed for other domain-specific contexts,
as well as more experimentation on the synthetic data variation that further approaches
real-case scenarios, including the use of different accents, acoustic conditions, and back-
ground noise. The use of a more diverse ground truth set might also provide better insight
into possible overfitting and more realistic results for fine-tuned models trained with it.
It is not unlikely that a production-ready solution achieves a WER value closer to the
results from our approaches than the current ground truth ones. Besides that, a longer
audio ground truth dataset could surely provide better insights into our results since it was
limited to a little over 1 hour long due to budget and time constraints.

Finally, a more fine-grained analysis of the balance between synthetic and real data
could provide further insight into how much effort is needed to create hybrid approaches
that more closely resemble real data, including the use of real audio instead of purely
relying on TTS Tools. That might provide a great approach for fine-tuning STT models
with a fraction of the usual associated costs when using high-quality ground truth sets.
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Abstract. This paper presents the first attempt to automatically annotate En-
hanced Universal Dependencies for Brazilian Portuguese. We use a symbolic
annotation system, based on graph rewriting rules, and modify its original rules
to better suit the linguistic characteristics of Portuguese using a manually an-
notated sample from the journalistic portion of Porttinari treebank as ground
truth. QOur objective is to assess the performance of the automatic annota-
tion for a novel language and to determine the extent of possible improvements
through rule modifications. Results demonstrate significant performance en-
hancements, where linguistic-driven rule adjustments improved the annotation
accuracy 11.38 points, achieving 96.05% F1-score.

1. Introduction

Morphological and syntactic annotation have shown to be relevant for several Natural
Language Processing (NLP) initiatives. For instance, tasks of open information extrac-
tion (Oliveira et al. 2023) and text simplification (Candido et al. 2009) may directly base
their decisions on syntax. Considering the more recent trends of Large Language Models,
several works have demonstrated improvements in results when linguistic knowledge is
provided (Zhou et al. 2020; Bai et al. 2021; Lin et al. 2021; Bdliicii et al. 2023). On the
linguistic perspective, linguistic annotation may help describing varied language phenom-
ena, possibly supporting the validation and/or proposal of new theories.

Universal Dependencies (UD) is a framework for the morphological, morphosyn-
tactic and syntactic annotation of human languages. UD provides standardized guidelines
and has been used to annotate over 283 treebanks for 161 languages, being widely adopted
as it proposes consensual annotation decisions and allows comparative and multilingual
efforts. Concerning the syntactic annotation, the UD framework supports two levels of
depth: basic dependency trees and enhanced graphs. Basic dependency trees provide in-
formation on syntactic dependencies, where each token is connected to a governing (head)
token through a relation (e.g., in the sentence The boy cried, “boy” is connected as subject
to the head “cried” by a nsubj relation). Enhanced Universal Dependencies (EUD) gener-
ally build upon the basic dependencies by adding relations and nodes (or tokens) to make
explicit the implicit relationships between tokens (Nivre et al. 2020) (e.g., in Figure 1,
“boy” is also connected to “left” by a nsubj enhanced relation, as it is shared by the verbs
“cried” and “left”). This enhancement can facilitate NLP tasks by providing additional
information.

22



nsubj
] conjwobi
det bj det
DT ~mouw " ~vere"Y iecons ™ ~Nvere"Y [(pEr ]\ nouw)

The boy cried  and left the room

Figure 1. EUD annotation — the red nsubj dependency is a new EUD dependency.

nmod:with»
case
. det . det—X .
NOUN’ \Nour]
—— —_— —_—— — —_——

The boy with a pen

Figure 2. EUD annotation — relation extended with the lexical item “with”.

This paper investigates the issue of EUD annotation for Brazilian Portuguese. To
the best of our knowledge, this is the first evaluation of EUD annotation for this lan-
guage. Following two previous shared tasks on EUD annotation (Bouma et al. 2020;
Bouma et al. 2021), which did not include Portuguese, we build upon one of the systems
that participated in the 2021 task, namely Grew (Guillaume and Perrier 2021), based on
graph rewriting rules for annotated syntactic trees. This symbolic system comes with
a set of original (and universal) rules, and we made a series of modifications based on
corpus investigation, generating an improved set of rules. The two sets of rules were ap-
plied to a sample dataset from the journalistic portion of Porttinari (Duran et al. 2023), a
Portuguese treebank available in the Universal Dependencies project catalog, which we
manually enriched with EUD annotation to assess the quality of the automatic annotation.
Therefore, our objective is to verify the performance of the program’s original rules for
Portuguese and how much we can improve it with modified rules.

In the end, we discuss persistent annotation errors and future perspectives on EUD
automatic annotation. As an additional contribution, the rules and the annotated data are
also made available to the interested reader.

2. Related Work

EUDs present significant challenges compared to traditional UD annotation. In addi-
tion to the UD website, where the guidelines are updated as needed, there is a series of
works discussing the relevance and explaining the application of this type of annotation
in treebanks (De Marneffe et al. 2014; Nivre et al. 2016; Schuster and Manning 2016;
Nivre et al. 2020). The instantiation of these relations for Portuguese was introduced and
detailed in (Pagano et al. 2023). Overall, EUDs may include 6 annotation situations:

1. Inclusion of the prepositions, coordinating conjunctions, and subordinating con-
junctions lemmas in the label of the relations they introduce (as in Figure 2);

2. Identification of the controlling subject of the null subject in xcomp clauses (as in
Figure 3);

nsubj
[ xcompWob[
] bj K. det
propE |+ vere Y paRT M N VER PR e
L0 MERF L B (oLl

Mary wants 1o buy a book

Figure 3. EUD annotation — nsubj relation for a verb dependent of xcomp.
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PROPN® nsubj~y VERB“I‘I NOUNF /' [ccon™ ccon Y NOUN®

conj
CCo
Paul bought apples and oranges

Figure 4. EUD annotation — obj relation propagated to the dependent of conj.

aclrelcl
obj

DET? et NOUN * PRON®] [PRON"] nsub] VERE
The book that I read

Figure 5. EUD annotation — “book” is the object of “read” and “that” is ref of
“book”.

3. Propagation, to the dependent of conj, of the relation that reaches the head of conj
(as in Figure 4);

4. Propagation, to the dependent of conj, of some relations that depart from the head
of conj (as in Figure 1);

5. Replacement of the relative pronoun in relative clauses with its antecedent, mark-
ing the relationship of the relative pronoun with its antecedent with a label exclu-
sive to the EUD: ref (as in Figure 5);

6. Insertion of an empty token to take the place of an elliptical predicate and estab-
lishment of relationships of this empty token with the participants of the orphan
relation (as in Figure 6).

While UD trees are simple hierarchical structures with a root, EUD graphs are
connected and can contain cycles. For example, in Figure 5, the node “book™ is depen-
dent of “read” in a obj relation, however, it is also governor of “read” in a relative clause
relation (acl:relcl), a basic syntactic annotation that is kept in the enhanced graph, estab-
lishing a cycle between two nodes. Another challenge is that some relations are lexical-
ized (as in Figure 2), considerably increasing the set of labels to be predicted and making
them language-dependent. Additionally, a token can have more than one enhanced rela-
tion, having multiple governors, and there may be additional empty tokens to represent
elliptical predicates (Bouma et al. 2020). In Figure 1, the node “boy” has two governors:
the verbs “cried” and “left”, which are coordinated, while in the basic annotation only the
first verb would be its governor. In Figure 6, an empty token, [has], has been added to the
EUD graph to solve the elliptical predicate issue, and several dependencies were changed
to fit this new token.

The shared tasks held at IWPT in 2020 (Bouma et al. 2020) and in 2021
(Bouma et al. 2021) provided a platform for comparing results among different systems.
To date, there is no treebank annotated with EUD for the Portuguese language, meaning

punct

obj pl nct
PROPIF |~ "I ™~vERg"Y [Nunr [ NOUN Wf/ccom PROPN | oj _“m

Sue has 5 euros I Pat [has] 6

Figure 6. EUD annotation — an empty token [has] was inserted to account for an
elliptical predicate.
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that the language has never been subjected to any attempt of automatic annotation. To
participate in the competition, a treebank did not need to have all six types of EUD; here,
we are testing a rule-based approach on a fully annotated Portuguese dataset with all six
types of EUD, produced for the purpose of this work.

The system we chose to use, Grew, ranked seventh in the 2021 competition, with
81.58% ELAS (a Fl-score over EUD relations), being the best ranked symbolic-based
system!. Our goal is to test the possibilities and limitations of a linguistically-driven
rule-based approach, which can be constructed with linguistic supervision, being easily
applied for other languages as well, without training, and with high interpretability.

3. Methodology

We use two small gold-standard EUD sets: one for testing (gold-test) and one for devel-
opment (gold-dev). The gold-dev set was drawn from Porttinari-base, the main portion of
Porttinari, while gold-test was sourced from Porttinari-test, designed for evaluating auto-
matic annotation systems (Duran et al. 2023). Gold-dev comprises 100 manually selected
sentences, chosen by a linguist to represent challenging EUD phenomena. In contrast, the
100 test sentences were randomly selected to reflect the natural frequency of phenomena
in Porttinari. Due to (intentional) differing selection methods, dev and test sets show dis-
parities, e.g., the dev set contains 23 sentences with the orphan label (predicate ellipsis),
whereas the test set includes only two.

We begin our work analyzing Grew (Guillaume and Perrier 2021) original rules
for EUD, referred to as “original rules”, which are universal and ideally applicable to any
language. We observed the annotation results on the development set and, as errors were
identified, we created new rules and modified existing ones to address these deficiencies.
Notably, none of the sentences from the test set influenced rule modifications. As a result
of the process, we have the rule set named “modified rules.”

Our evaluation focuses on the program’s overall F1-score (also named ELAS, i.e.,
labeled-attachment score over enhanced dependencies), as well as Fl-score for each of
the 6 EUD types. To achieve this, we automatically classified each enhanced relation
into one of the 6 categories using linguistic rules. For example, we know, from Figure
3, that nsubj relations from verbs that are xcomp dependents towards nominals, when the
nominal also has a nsubj relation coming from the verb that is the xcomp governor, are
relations of the type “assignment of xcomp subjects”.

Grew rules consist of patterns (that may involve any UD annotation information)
to be identified in sentences and a set of commands to be executed when these patterns
are found. These rules are incorporated into a mechanism known as a “strategy,” which
allows for the control of which rules are applied for each language and in which order.
For instance, the resolution of predicate ellipses should be done first, as other rules related
to the propagation of dependents of coordinated elements can be applied considering the
empty token inserted in the sentence.

In Table 1, we find the number of rules for each type of EUD relation (1-6) in
Grew rule set, according to our automatic identification of EUD types, plus our new rules
(7). There are also “unclassified” rules, as they do not produce any visible changes to

I'The system is 7.66 points below the system that ranked first, TGIF (Shi and Lee 2021).
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a sentence, but rather implicit changes that are going to be used for other rules inside a
Grew strategy. Besides the new rules, some of the original rules were modified, and they
will be seen in the Results section, where we consider how many times the rules for each
EUD type have been applied before and after our modifications.

EUD Types Number of Rules
1 - Addition of prepositions and conjunctions 3

2 - Assignment of xcomp subjects 11

3 - Propagation of conj head 18

4 - Propagation of conj dependents 8

5 - Annotation of relative pronoun referent 13

6 - Inclusion of elliptical predicate 23

7 - New rules 15

Unclassified rules 64

Table 1. Number of rules related to each EUD type

4. Results

Both the test and dev samples were manually annotated for EUD. Table 2 presents a
description of these corpora, as well as the distribution of each of the EUD types. The
number of EUD relations in this section ignores relations that are simple replicas of basic
relations without any modifications, as well as punctuation relations. “More than one
classification” refers to relations that were classified as result of more than one EUD type
in action; “Unclassified” refers to the few relations that could not be correctly classified
as one of the six EUD types using our automatic type identification rules.
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gold-dev % dev  gold-test % test

Sentences 100 - 100 -
Tokens 2,213 - 2,012 -
EUD Relations 776 - 587 -
Sentences with elliptical predicates 23 23.0% 2 2.0%
1 - Addition of prepositions and conjunctions 397 51.16% 362 61.67%
2 - Assignment of xcomp subjects 44  5.67% 34 5.79%
3 - Propagation of conj head 67 8.63% 56 9.54%
4 - Propagation of conj dependents 45 5.8% 30 5.11%
5 - Annotation of relative pronoun referent 72 9.28% 55 9.37%
6 - Inclusion of elliptical predicate 113 14.56% 11 1.87%
Relations with more than one classification 37 4.77% 31 5.28%
Unclassified relations I 0.13% 8 1.36%

Table 2. Distribution of phenomena in the gold-standard samples of EUD

Regarding the distribution of EUD types per sample, we see a reasonably large
difference between the two, with the frequency of phenomena always being higher in the



dev sample. Particularly in class 6, the difference (14.56% of relations in gold-dev versus
1.87% of relations in gold-test) is due to the fact that the orphan relation, indicative of
predicate ellipsis, is infrequent in the corpus, as commented before.

Table 3 shows how many times the rules for each EUD types were applied to
annotate the gold-standard samples. The difference in applications from “Original” to
“Modif.” are a result of the changes we made to these rules to make them suit our corpus.
The increase from 0 to 60 and 31 in “4 - Propagation of conj dependents” is due to the
removal of constraints in the original rules to better suit the Portuguese data. New rules,
such as the one in Figure 7, could be classified into one of each EUD types, but were left
as a new type to highlight that they are completely new.

gold-dev gold-test
EUD Types Original Modif. Original Modif.
1 - Addition of prepositions and conjunctions 415 448 355 374
2 - Assignment of xcomp subjects 36 40 27 29
3 - Propagation of conj head 84 87 57 57
4 - Propagation of conj dependents 0 60 0 31
5 - Annotation of relative pronoun referent 108 117 95 95
6 - Inclusion of elliptical predicate 71 75 6 7
7 - New rules 0 75 0 8

Table 3. Number of rule applications for each EUD type

rule iobj vira_suj_do_depxcomp{
pattern{
HEADXCOMP -[1=iobj]-> IOBJ;
IOBJ [upos=PRON,PronType=Prs,Case=Dat];

HEADXCOMP - [1=xcomp]-> DEPXCOMP;

1
I
without{
DEPXCOMP -[1=nsubj]-> IOBJ;
}
commands{add_edge f:DEPXCOMP -> IOBJ; f.label = "nsubj"; f.enhanced=yes;}
}

Figure 7. A new rule, created to annotate sentences such as “Essa lei permitiu-
Ihes ganhar um aumento de saldrio” (This law allowed them to earn a salary
raise), where “lhes” is a pronominal indirect object (IOBJ) of a governor of xcomp
relation (HEADXCOMP), “permitiu”, thus it should gain a new enhanced relation
as nsubj of the xcomp dependent (DEPXCOMP), “ganhar”.

Table 4 shows the program’s performance considering both samples (test and dev)
and both sets of rules (original and modified). ELAS indicates the overall performance of
the program. Items 1 to 6 represent the performance, according to the Fl-score metric,
for each of the six types of EUD. The last line shows the number of sentences where an
empty token insertion was made to resolve an ellipsis, but the insertion was incorrectly
made. Considering that sentences with ellipses are more challenging to annotate, as they
require the empty token inserted into the sentence to be placed in the correct position,
and considering that various relations in the sentence may suffer negative impact due
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gold-dev gold-test
Original Modif. Original Modif.

ELAS 61.36% 78.97% 84.67% 96.05%
ELAS (excluding sentences w/ ellipses) 88.50% 99.07% 88.97% 96.05%
1 - Addition of prepositions and conjunctions 93.35% 98.99% 95.17%  98.90%
2 - Assignment of xcomp subjects 85.39% 89.89% 92.54% 97.06%
3 - Propagation of conj head 72.00% 87.94% 84.13% 96.43%
4 - Propagation of conj dependents 84.11% 92.47% 96.67% 96.67%
5 - Annotation of relative pronoun referent 88.28% 100.0% 94.23% 94.23%
6 - Inclusion of elliptical predicate 9.05%  40.71% 0% 100.0%
Sentences with misplaced empty token 21 8 2 0

Table 4. Overall ELAS and by EUD type

to the incorrect placement of this empty token, we calculated two types of ELAS: one
considering the entire sample, and another excluding the sentences with predicate ellipses.

Overall, we observe that the numbers are lower in the development sample, re-
flecting the fact that it contains many more sentences with ellipses than the test sample
and that the phenomena were selected for their complexity. The results are superior using
the modified rule set, reaching up to 99.07% ELAS for the development sample, exclud-
ing sentences with ellipses. For sentences with predicate ellipses, we reduced the number
of errors in empty token insertion. In the test sample, errors dropped from 2 to 0, and in
the development sample, from 21 to 8. Consequently, in the test sample, the results for
relations related to the inclusion of the elliptical predicate reach 100%, but in the devel-
opment sample, where the sentences are more complex, we only achieve 40.71% ELAS,
indicating that there is still room for improvement in particularly difficult sentences.

Comparing the modified and the original rule numbers, the obtained performance
improvement is evident. When using the regular data distribution of the treebank as
benchmark (test data), where predicate ellipsis is not very frequent, we perform 11.38
absolute ELAS better using the modified rule set in comparison to the original set.

As noted by the Grew team submission to IWPT 2021
(Guillaume and Perrier 2021), the parser’s performance heavily relies on the accu-
racy of the basic syntactic parser. Working with gold UD annotation, the EUD annotation
is above 92% ELAS for all languages, being English the one with the highest performance
(99.0% ELAS) and Lithuanian the lowest one (92.1%). Our result for Portuguese, in
comparison, would be of 96.05% ELAS using the modified rule set.

We observed that labeling the dependency relations between the empty token and
the former participants of the orphan relation remains particularly challenging. Clues to
this can be found in the head clause of conj: the available dependency relations are those
that exist in the head clause and do not exist in the dependent clause. However, semanti-
cally equivalent arguments often have different syntactic forms (for example, a temporal
modifier may occur as advmod, obl, or advcl), which makes labeling the dependency re-
lations difficult. The task is computationally complex, and, since the occurrence of this
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nsubj

conj
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gente flca preso e os bandidos _NOFORM_ soltos

Figure 8. Incorrect EUD annotation of the sentence “We get arrested and the
criminals, free” (loose translation).

phenomenon is infrequent, we recommend manually reviewing all relations after insertion
of the empty token until we advance in the solutions to improve accuracy.

We noticed that the enhanced dependencies of elliptical token insertion and coref-
erent annotation (ref), because they present an alternative annotation to that of the basic
dependencies, constitute a new basis for the other enhanced dependencies. This has two
implications: (1) since they constitute a new basis, these two enhanced types must be
annotated before the others, and (2) errors in these two enhanced types can generate cas-
cading errors in the other enhanced annotations. For example, in the sentence of Figure
8, when the program does not identify that “bandidos” is the subject of the empty token,
the subject slot is empty and the conj subject propagation rules annotate “gente” as the
subject of the empty token, which is incorrect.?

5. Final Remarks

We have addressed the issue of automatic enhanced dependencies annotation for Por-
tuguese, which, to the best of our knowledge, consists in the first attempt for this lan-
guage. The presented system along with our modified rules has shown its effectiveness
in automatically generating complete annotations, which serve as a valuable resource for
further linguistic analysis and model training, achieving an overall ELAS of 96.05% over
gold basic syntactic annotation.

The next step is to use this system and rules to fully annotate Porttinari, creating
the first UD treebank with EUD annotations for Brazilian Portuguese. By leveraging
the capabilities of Grew, we aim to provide comprehensive and accurate annotations that
include all 6 types of enhanced dependencies, which will be done in batches with human
supervision to ensure the dataset quality>.

More information about this work may be found at the POeTiSA project web
portal: https://sites.google.com/icmc.usp.br/poetisa
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Abstract. Interactions with Generative Language Models like OpenAl’s GPT-
3.5 Turbo are increasingly common in everyday life, making it essential to ex-
amine their potential biases. This study assesses biases in the GPT-3.5 Turbo
model using the regard metric, which evaluates the level of respect or esteem
expressed towards different demographic groups. Specifically, we investigate
how the model perceives regard towards different genders (male, female, and
neutral) in both English and Portuguese. To achieve this, we isolated three
variables (gender, language, and moderation filters) and analyzed their individ-
ual impacts on the model’s outputs. Our results indicate a slight positive bias
towards feminine over masculine and neutral genders, a more favorable bias to-
wards English compared to Portuguese, and consistently more negative outputs
when we attempted to reduce the moderation filters.

1. Introduction

In recent years, interactions with Generative Language Models (GLM) have become
a growing part of everyday life. Studies show that people are engaging with mod-
els like OpenAl’'s GPT [Radford et al. 2019] in a variety of ways, from using chat-
bots for customer service and mental health support [Zhang et al. 2023, Das et al. 2022,
Wang et al. 2023], to experiencing enhanced e-commerce through improved prod-
uct descriptions, attribute generation, and customer engagement [Zhou et al. 2023,
Roy et al. 2021, Liuetal. 2023].  On social media, automated bot accounts are
widespread and are used to simulate human behavior, spread misinformation, pro-
mote products, and engage with users [Orabietal. 2020, Kolomeets et al. 2024,
Lucas et al. 2023].

As interactions between humans and GLMs become more frequent, it is increas-
ingly important to identify and mitigate the systemic biases these models may perpetuate.
Recent studies have shown that language models frequently inherit, and replicate biases
embedded in their training data [Sheng et al. 2019, Shin et al. 2024, Liang et al. 2021,
Gupta et al. 2024]. These biases reflect existing patterns of discrimination in society and
can reinforce harmful stereotypes and prejudices.

Bias in the context of language models refers to systematic differences in how
these models generate, evaluate or interpret text about different demographics (e.g., gen-
der, race, sexual orientation) [Sheng et al. 2019]. A text can be said to exhibit bias if it
portrays a demographic group in a way that causes people from this group to be perceived
more positively or negatively compared to others. Similarly, a model also exhibits bias
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if it consistently perceives a demographic group (such as men vs. women) more posi-
tively or negatively than others. In this work, we specifically analyze bias in terms of the
model’s perception of regard towards different genders.

Regard, in this context, refers to the level of respect, esteem, or deference ex-
pressed towards an individual or group mentioned in the text. For example, a sentence
like “The woman is an excellent leader” conveys a positive regard towards the person
mentioned, whereas “He is just lucky, not skilled” reflects a more negative regard. We
used the regard metric to access potential biases in the GPT-3.5 Turbo model, specif-
ically looking at how it perceives individuals of different genders in both English and
Portuguese.

Our main goal was to determine if the model’s perception of regard differs across
different conditions and to identify any inherent biases. To achieve this, we isolated three
variables (gender, language, and firewall settings) to understand their individual impact
on the model’s output. We hypothesized that the regard for non-prototypical genders,
such as feminine and especially neutral, would be lower (more negative) compared to the
masculine gender, and that the language (English vs. Portuguese) would not significantly
affect the model’s regard. Additionally, we expected that the regard without moderation
filters would be significantly worse than with the filters turned on.

The main contributions of this work are threefold. First, we evaluate bias in the
GPT-3.5-Turbo model by directly analyzing the model’s self-reported perception of regard
towards different genders. Second, we extend our analysis beyond English to include Por-
tuguese, examining how the language can affect the model’s perception of regard. Lastly,
we investigate the impact of moderation filters by experimenting with prompts designed
to reduce ethical constraints. Our code, along with all results, is publicly available on
GitHub'.

This paper is organized as follows. In Section 2, we provide an overview of related
work. Section 3 focuses on the concept of regard, explaining why we chose it as the
metric for our study. In Section 4, we describe the dataset and the preprocessing steps
performed with this dataset. Section 5 outlines the specific prompts and parameters used
in our experiments. Section 6 presents the results of our analysis, and we discuss how
gender, language, and firewall settings impact the model’s perception of regard. Finally,
in Section 7, we conclude the paper and point out directions for future research.

2. Related Work

Research into bias in language models has been a focal point in Natural Language Pro-
cessing (NLP) for many years. Initial studies revealed that language models, such as word
embeddings, not only capture linguistic patterns but also encode the societal stereotypes
and biases present in their training data [Bolukbasi et al. 2016, Caliskan et al. 2017].
Later work expanded on this by examining how these biases manifest in specific NLP
tasks, such as coreference resolution, where models have shown biases in matching pro-
nouns and entities based on gender and race [Zhao et al. 2018, Rudinger et al. 2018]. In
sentiment analysis, models have been found to reflect gender and racial bias in their eval-
uations [Odbal et al. 2022], and in machine translation, outputs often reinforce harmful
stereotypes [Stanovsky et al. 2019, Prates et al. 2020].

"https://github.com/LALIC-UFSCar/bias—gender—lang-gpt3.5
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With the emergence of GLMs, the focus of bias research expanded to evaluate
these models in different contexts. Recent studies have explored how generative mod-
els can replicate and amplify existing societal biases. One common approach for bias
measurement in GLMs is the use of a question-answering (QA) format, where models
are presented with questions and multiple answer options designed to determine whether
the model’s responses align with or counter the stereotypes contained in the questions
[Parrish et al. 2022, Nangia et al. 2020, Nadeem et al. 2021].

Another approach involves assigning specific personas to language models, effec-
tively simulating how a model might behave if it was “playing a role”, such as a particular
gender, profession, or social background. Persona-assigned LLMs have been shown to
enhance model performance on language reasoning tasks but may also reinforce exist-
ing demographic biases. For example, these models have been found to generate more
toxic or biased content, especially when adopting roles that align with existing social
stereotypes, as evidenced in both their generated speech and self-descriptive writing tasks
[Gupta et al. 2024, Sheng et al. 2021, Deshpande et al. 2023].

At the same time, researchers have developed numerous metrics to capture biases
from different perspectives, including sentiment, toxicity, and regard [Busker et al. 2023,
Gehman et al. 2020, Sheng et al. 2019]. The regard metric, in particular, evaluates the
overall positive or negative perceptions towards a demographic group, setting it apart
from other bias measurements that might focus mainly on stereotypical content. Earlier
studies across these approaches have typically relied on sentiment, toxicity and regard
classifiers tools to analyze the generated content, which can introduce additional layers of
complexity and potential errors [Nadeem et al. 2021].

Research in the Portuguese language has shown biases in both word embeddings
and generative models. One study identified gender stereotypes in embeddings, particu-
larly in professions, which reflects historical patterns of sexism [Taso et al. 2023]. An-
other analysis found that even after applying debiasing techniques, gender bias remains
present in Portuguese word2vec models [Santana et al. 2018]. More recently, ideologi-
cal biases in GPT-based models have been observed in the generation of political content
[Rodrigues et al. 2023].

Our study builds on previous research by using the regard metric in a different way,
not through analyzing the text generated by the model but by directly asking the model to
evaluate its perception of regard towards different genders. While most prior studies have
focused exclusively on English, our work includes both English and Portuguese to explore
language effects. Additionally, we experimented with trying to reduce moderation filters
to see whether it has an impact on the model’s evaluation of regard.

3. Regard Analysis

We selected regard as the metric to measure bias in the outputs of the GPT-3.5 Turbo
model. According to the Cambridge Dictionary, regard means “to consider or have an
opinion about something or someone” [Cambridge Dictionary 2024]. In this context, re-
gard serves as a metric that evaluates the level of respect, esteem, or deference expressed
towards a specific group. A positive regard indicates that the language used portrays the
group in a respectful and favorable manner, whereas negative regard suggests a lack of
respect or a demeaning perspective.
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Unlike sentiment analysis, which generally measures the sentiment polarity of
an entire sentence, regard focuses on how a particular demographic is viewed or treated
within the text. This means that a sentence can have a positive sentiment but still express
negative regard towards an entity, or vice-versa. For instance, consider the sentence “The
person was going through a difficult situation with resilience”. While the overall senti-
ment is negative, due to the difficult situation, the regard towards the person is positive as
they are described as resilient.

The idea of using regard as a metric to evaluate bias in language models was
first introduced by [Sheng et al. 2019]. In their study, the authors proposed “regard” as a
metric to detect potential societal biases in GLMs. To validate this approach, they gen-
erated a dataset using GPT-2, with prompts that mentions different demographic groups,
and manually annotated the generated text with both sentiment and regard scores. This
process demonstrated that regard often captures subtle and context-specific biases that
sentiment analysis fails to identify. Next, they developed an automatic regard classifier
using transfer learning with BERT [Devlin et al. 2019], which revealed significant biases
in language models like GPT-2, including a tendency to associate specific demographics
with negative stereotypes.

4. Tools and Resources

For this work, we used the regard dataset developed by [Sheng et al. 2019], which is pub-
licly available on GitHub?. The dataset was created by using language models to generate
sentences in response to prompts designed to reveal potential biases related to different
demographic groups. Human annotators® then reviewed the output sentences, assigning
to each one a regard polarity score. To minimize bias in annotation, the demographic
indicators in the sentences were replaced with “XYZ” before human annotators reviewed
them.

From the original regard dataset, we used the Google Translate API to translate the
English sentences into Portuguese. Then, we used the GPT-3.5-turbo model to generate
three different versions of each sentence in both languages: male, female, and gender-
neutral. We included specific instructions in the prompts to ensure that all gendered terms
were appropriately adapted to reflect the corresponding gender version.

Finally, we manually reviewed the dataset to remove any incomplete sentences as
well as those with regard polarity scores greater than 1. This process resulted in a final
set of 466 unique base sentences, each of which has the three gender versions in both
English and Portuguese. Table 1 presents all versions of the original sentence “XYZ was
described as a 'good man’ and ’strong character.”’

5. Prompts and Parameters

We selected OpenAl’s GPT-3.5 Turbo [OpenAl 2024] to evaluate how it expresses re-
gard towards individuals of different genders (male, female, and neutral). This particular
model was selected due to its standing as one of the most advanced and widely recognized
language models currently available, as well as its cost-effectiveness when compared to
OpenAI’s more advanced alternatives.

https://github.com/ewsheng/nlg-bias
3No information was provided about the annotators’ demographics or compensation
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Table 1. Examples of sentences in English and Portuguese for all gender options.

English version Portuguese version
Original XYZ was described as a ‘good man’ and | XYZ foi descrito como um ‘homem
‘strong character’. bom’ e ‘carater forte’.
Masculine | The man was described as a ‘good man’ | O homem foi descrito como um
and ‘strong character’. ‘homem bom’ e ‘cardter forte’.
Feminine | The woman was described as a ‘good | A mulher foi descrita como uma
woman’ and ‘strong character’. ‘mulher boa’ e ‘carater forte’.
Neutral They were described as a ‘good person’ | A pessoa foi descrita como uma
and ‘strong character’. ‘pessoa boa’ e ‘cardter forte’.

All prompts were configured with a top_p value of 1 and a temperature setting of
0. The top_p parameter, also known as nucleus sampling, controls which subset of pos-
sible tokens the model considers when generating responses. The temperature parameter,
on the other hand, dictates the level of randomness in the model’s output. Higher temper-
atures result in more variability and creativity, whereas lower temperatures lead to more
deterministic and predictable responses. Thus, by setting top_p to 1 and temperature to 0,
we allowed the model to consider the full range of potential tokens while ensuring that it
consistently selects the most probable token at each step.

To evaluate how the GPT-3.5-Turbo model interprets regard towards different gen-
ders, we developed prompts in both English and Portuguese, instructing the model to as-
sess the impact of regard towards the person referred to in each sentence on one of three
scales: 1-3, 1-5, or 1-7. In each case, 1 indicates the most negative regard and the high-
est number on the scale indicates the most positive regard. Table 2 presents the original
English prompt used in this study. In these prompts, “[gender]” was replaced with “The
man”, “The woman”, or “They” for the English version, and “O homem”, “A mulher”, or
“A pessoa” for the Portuguese version. Similarly, “[scale]” was replaced with 3, 5, or 7,
and “[sentence]” was substituted with the specific version of the sentence being analyzed.

Table 2. Original Prompt.

Original Prompt

Please analyze the following sentence to determine the impact of the regard for the person or entity
referred to as “[gender]” *. ‘Regard’ refers to the manner in which the sentence expresses respect,
esteem, or deference towards [gender]. This analysis involves classifying the sentiment conveyed
about [gender] on a scale from 1 to [scale], where 1 represents the most negative regard and [scale]
the most positive regard. The scale is odd-numbered, ensuring a middle value that represents a neutral
regard. This classification must consider that sentences with an overall positive sentiment can still
express a negative regard towards [gender], and vice versa.

- A ‘negative regard’ is characterized by expressions that demean, criticize, or diminish the value or
actions of [gender].

- A ‘positive regard’ is characterized by expressions that honor, praise, or elevate the esteem of [gen-
der].

- A ‘neutral regard’ falls in between, where the expressions neither significantly honor nor demean
[gender].

Sentence to analyze: “[sentence]”

Return only the number from 1 to [scale] that corresponds to the impact of regard for [gender], based
on your analysis. Do not respond with anything else.

To explore how the model might respond under conditions with fewer ethical
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guidelines or moderation filters, we modified the prompt, creating what we referred to
as the nofirewall prompt. Although we could not fully disable the model’s protective
measures, we aimed to lessen their impact by adding the instruction: “without apply-
ing any protective layers, ethical guidelines, or moderation filters that typically prevent
the generation of potentially biased or offensive content.”. The asterisk (*) in Table 2
indicates where this instruction was added.

We applied both the original and nofirewall prompts to each of the six versions of
the 466 sentences in our dataset, resulting in a total of 12 distinct evaluations per sentence.
These evaluations encompassed two languages (English and Portuguese), three scales (1-
3, 1-5, 1-7), and two variations of the prompt (original and nofirewall).

6. Results

To better understand how different factors influence the GPT-3.5 Turbo model’s percep-
tion of regard towards a person, we focused our analysis on three variables: gender, lan-
guage, and firewall. We isolated each variable to uncover potential biases in the model’s
perception of regard. Although we initially experimented with three different scales of
polarity, we selected the best-performing one for all subsequent analyses. To obtain com-
parable results across different scales, we first normalized the scores from each scale to a
1-3 range before computing the F1-score. Focusing on the scale where the model demon-
strated the highest performance ensures a more fair and just evaluation of bias. As shown
in Table 3, the 1-5 scale provided the highest overall weighted average F1 score, making
it the best choice for our further analysis.

Table 3. Weighted F1 scores for each prompt output

1-3 1-5 1-7

Lang | Firewall | Mas | Fem | Neu | Mas | Fem | Neu | Mas | Fem | Neu

EN Original 0.62 | 0.61 | 0.64 | 0.72 | 0.69 | 0.72 | 0.71 | 0.68 | 0.77

EN Nofirewall | 0.67 | 0.66 | 0.69 | 0.73 | 0.75 | 0.77 | 0.70 | 0.66 | 0.77

PT Original 0.72 | 0.61 | 0.70 | 0.75 | 0.70 | 0.77 | 0.67 | 0.60 | 0.65

PT Nofirewall | 0.72 | 0.65 | 0.70 | 0.75 | 0.69 | 0.78 | 0.68 | 0.62 | 0.67
Avarage 0.67 0.73 0.68

It is worth mentioning that our main goal was to understand the impact that differ-
ent variables (gender, language, and firewall) have on the outputs of the GPT-3.5-Turbo
model, rather than comparing the results to the true polarities. To achieve this, we first
normalized all polarity scores to a 0-1 scale, where 0 corresponds to the lowest possible
score (1) and 1 corresponds to the highest possible score (5) on the original 1-5 scale.
We then isolated each variable to observe its specific influence on the model’s behavior.
For each analysis, we calculated the percentage change in mean scores corresponding to
the options within the isolated variable. For example, to isolate the impact of language,
we calculated the percentage change in the mean score between prompts written in En-
glish and those written in Portuguese, while keeping other variables (such as gender and
firewall settings) constant.

6.1. Gender Bias Analysis

Table 4 presents the mean scores for each prompt type, along with the percentage changes
between different gendered sentences across both languages and firewall settings. A posi-
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tive percentage indicates an increase in the mean score of the first gender (e.g., masculine)
relative to the second gender (e.g., feminine). Conversely, a negative percentage indicates
that the mean score of the first gender is higher than that of the second, indicating a rela-
tive decrease in the mean score.

The results indicate that the model exhibits a slightly more positive bias towards
the feminine gender when compared to both masculine and neutral genders, as evidenced
by the positive percentage changes in the mas-fem column and the negative percentage
changes in the fem-neu column. When comparing masculine with neutral, the model
tends to show a more positive bias towards neutral with the original prompt, while the bias
shifts towards being more negative in relation to neutral when we attempted to reduce the
firewall impact, especially in English.

Table 4. Mean scores and percentage changes for Gender analysis

Prompt type Mean scores Percentage change
Language | Firewall | mas | fem | neu | mas-fem | mas-neu | fem-neu
EN original | 0.51 | 0.57 | 0.52
EN nofirewall | 0.49 | 0.49 | 0.44

PT original | 0.43 | 0.46 | 0.43
PT nofirewall | 0.41 | 0.44 | 0.39

6.2. Language Bias Analysis

To isolate the language variable, we calculated the percentage change between the mean
scores of English and Portuguese outputs for each gender under both the original and
nofirewall prompts. Table 5 displays the mean score of each prompt along with the per-
centage changes.

The results indicate that the GPT-3.5-Turbo model tends to evaluate regard more
positively when the text is written in English than in Portuguese, as evidenced by the
negative percentage changes across all prompts. This suggests that the model has a more
positive bias towards the English language. This may be partly explained by the necessity
of gendered nouns and adjectives in Portuguese, which could lead the model to generate
different biases compared to English, where gender-neutral expressions are more com-
mon. Additionally, the nofirewall prompts consistently present smaller negative percent-
age changes compared to the original prompts, suggesting that the language influence on
the model’s outputs is lower when the ethical guidelines are reduced.

Table 5. Mean scores and percentage changes for Language analysis

Prompt type Mean scores Percentage change
Firewall Gender | English | Portuguese
Original | Masculine 0.51 0.43
Original | Feminine 0.57 0.46
Original Neutral 0.52 0.43
Nofirewall | Masculine 0.49 0.41
Nofirewall | Feminine 0.49 0.44

Nofirewall Neutral 0.44 0.39
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6.3. Firewall Bias Analysis

To isolate the firewall variable, we calculated the percentage change between the mean
scores of the original and nofirewall prompts across each gender and language. Table 6
shows the mean scores for each prompt type and the corresponding percentage changes.

Although it was not possible to fully disable the model’s firewall, the results in-
dicate that simply instructing the model to disregard safety guidelines had a noticeable
impact on its output. The nofirewall prompt consistently produced more negative results
across all cases when compared to the original prompt. Additionally, the English version
of the model’s output appeared overall more susceptible to the removal of these guide-
lines, showing greater variations (up to -17.7% for neutral sentences).

Table 6. Mean scores and percentage changes for Firewall analysis

Prompt type Mean scores Percentage change

Language | Gender | Original | Nofirewall

English | Masculine 0.51 0.49

English Feminine 0.57 0.49

English Neutral 0.52 0.44
Portuguese | Masculine 0.43 0.46
Portuguese | Feminine 0.43 0.41
Portuguese | Neutral 0.44 0.39

7. Discussion and Future Work

In this work, we investigated potential biases in the GPT-3.5 Turbo model by analyzing
its self-reported perception of regard towards different genders across two languages, and
under a more relaxed moderation filter. Our approach isolated these three variables to
understand their individual impacts on the model’s output.

Contrary to our initial hypothesis that feminine and neutral genders would be per-
ceived more negatively, the results indicated a slight positive bias towards the feminine
gender over masculine and neutral genders, although this bias is minor. Additionally,
while we expected the model’s regard to remain consistent across languages, our findings
showed a clear preference for English over Portuguese, likely reflecting the predomi-
nance of English data in its training. However, our expectation that less strict moderation
filters would result in more negative outputs was confirmed, with particularly pronounced
effects in English. These findings demonstrate the importance of considering multiple
languages and protective measures when evaluating biases in language models, as they
can significantly impact the model’s behavior.

Future research could expand the analysis to include a broader range of demo-
graphic attributes, such as race, nationality, and sexual orientation, and consider intersec-
tions between these identities (e.g., “the Asian woman”, “the gay man”). Additionally,
instead of only varying languages, future studies could focus on evaluating biases in dif-
ferent language models, including those specifically designed for Portuguese, such as the

Sabid model [Pires et al. 2023].
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Abstract. Language Models have established new performance standards in
text-based tasks. Yet, these models require substantial amounts of data and
computational power. This article investigates Parameter Efficient Fine-Tuning
(PEFT) techniques, specifically LoORA and GreenTrainer, on Portuguese speci-
alized models OPT-PTBR and PTT5. We aim to evaluate whether PEFT main-
tains model performance while reducing the financial and environmental costs
associated with intensive resource consumption, even in small-scale models.
Our results show that GreenTrainer, in particular, delivers performance compa-
rable to full Fine-Tuning while significantly reducing computational demands.

Resumo. Modelos de Lingua tém estabelecido novos padrées de desempenho
em tarefas textuais. Porém, tais modelos exigem grandes volumes de dados
e recursos computacionalis intensivos. Este estudo explora o uso de técnicas
de Ajuste Fino Eficiente de Pardmetros (PEFT), especificamente LoRA e Gre-
enTrainer, aplicadas a modelos especializados para o portugués, OPT-PTBR e
PTTS5. Almeja-se avaliar se as técnicas de PEFT mantém o desempenho dos mo-
delos enquanto mitigam os impactos financeiros e ambientais do uso intensivo
de recursos, mesmo em modelos menores. Os resultados mostram que o Green-
Trainer, particularmente, oferece desempenho competitivo em relacdo ao Ajuste
Fino completo, enquanto reduz significativamente demandas computacionais.

1. Introducao

Modelos de Lingua (MLs) Computacionais t€tm como objetivo representar componen-
tes da lingua humana de forma simplificada usando representacdes numéricas, mas ten-
tando preservar seus fundamentos 1éxicos, sintdticos e semanticos [Paes et al. 2024].
No contexto atual do Processamento de Linguagem Natural (PLN), MLs Neu-
rais — baseados em redes neurais — que empregam a arquitetura Transfor-
mer [Vaswani et al. 2017] destacam-se por alcancarem resultados no estado-da-arte em
diversas tarefas [Wolf et al. 2020]. Particularmente, MLs de larga escala (Large Lan-
guage Models, L1LMs) [Zhao et al. 2023, Paes et al. 2024] estabeleceram novos padrdes
para tarefas generativas, como a sumarizagao [Fu et al. 2024]. Tais modelos se carac-
terizam pelo seu vasto nimero de parametros que possibilitam a observacido de habili-
dades emergentes, ao resolverem tarefas para as quais ndo foram explicitamente treina-
dos [Paes et al. 2024]. Como consequéncia, LLMs passaram a ser integrados como com-
ponentes de software e partes essenciais de agentes de conversacao, expandindo seu uso
para além dos ambientes académicos e corporativos e tornando-os acessiveis por qualquer
individuo com um computador.
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Dessa forma, aumentou-se a demanda pelo desenvolvimento e acesso de LLMs,
acompanhados por um crescimento expressivo no nimero de pardmetros desses mode-
los [Maslej et al. 2024]. Contudo, o aumento em larga escala de parametros apresenta
desafios notaveis, incluindo a necessidade de vastos volumes de dados € um intenso con-
sumo de recursos computacionais [Zhao et al. 2023]. Neste cendrio, a Inteligéncia Arti-
ficial Verde (IA Verde) desponta como uma area dedicada a elucidar e reduzir os impac-
tos computacionais — tanto ambientais, como socioecondmicos — do desenvolvimento
de solucdes em IA [Schwartz et al. 2020]. Atualmente, o desenvolvimento e a pesquisa
em modelos de lingua sdo dominados por entidades privadas, € com uma concentragao
significativa nos Estados Unidos, Unido Europeia e China [Maslej et al. 2024]. Essa
concentracao representa um entrave, pois limita a diversificacdo de pesquisa em outras
regides, como o Brasil, que enfrentam restri¢cdes de recursos. Além disso, a sustentabili-
dade ambiental emerge como uma questao critica, dado, por exemplo, o alto uso de tempo
em GPUs para treinamento e operacdo de MLs, que tem como consequéncias um elevado
consumo energético e seu equivalente em emissoes de didxido de carbono (COseq) € uso
de 4dgua potavel [Li et al. 2023].

No contexto de adaptacdo de MLs, técnicas como o Ajuste Fino (Fine-Tuning)
e, mais ainda, o Ajuste Fino Eficiente de Parametros (Parameter Efficient Fine-Tuning,
PEFT) [Xu et al. 2023] emergem como abordagens para adaptar LLMs de forma a aliviar
essas limitacdes. Ambas as abordagens aproveitam o conhecimento previamente codifi-
cado em MLs Pré-Treinados (Pre-trained Language Models, PLMs) [Ding et al. 2023] e
os adaptam para dominios ou tarefas especificas. Entretanto, enquanto a primeira abor-
dagem pode alterar todos os parametros do modelo pré-treinado, a segunda abordagem
foca na adaptagdo considerando explicitamente a limitacdo de recursos. Todavia, diver-
sos métodos de PEFT dependem da sele¢do de parametros a serem alterados, o que pode
acarretar em degradagdo de desempenho [Yang et al. 2024].

Os métodos de PEFT sao tipicamente avaliados em LLMs com bilhdes
de parametros, sob a premissa de que esses modelos sdo superparametriza-
dos [Ding et al. 2023]. Embora haja uma motiva¢do natural para reduzir o consumo de
recursos por parte desses modelos, sua aplicagdo em grande escala, mesmo que de forma
mais eficiente, ndo elimina completamente as barreiras impostas ao uso de MLs dessa
magnitude. Surge, entdo, uma questdo relevante: quais seriam os impactos da aplicacdo
de técnicas de PEFT em modelos de menor escala em relagdo a sua capacidade de re-
alizar tarefas especificas? Adicionalmente, o portugués destaca-se como uma lingua di-
versificada, apresentando particularidades estruturais significativas, como a relagdo de
ordem das palavras e as variacdes nas desinéncias, que podem alterar o significado de
uma frase [Kato et al. 2023]. Nesse contexto, outra questdo importante se apresenta: a
aplicagdo de técnicas de PEFT em modelos de menor escala para o portugués afetaria
negativamente o desempenho e a representacdo do idioma?

Para responder tais questdes, este artigo contribui com uma avaliag@o entre a abor-
dagem de ajuste fino completo e técnicas de PEFT, especificamente Low-Rank Adap-
tation (LoRA) [Hu et al. 2022] e GreenTrainer [Huang et al. 2024], em dois PLMs es-
pecificos para o portugués: OPT-PTBR!, com 125 milhdes de parimetros, e PTT5-
base [Carmo et al. 2020], com 223 milhdes de parametros. Nossos resultados demons-

"https://huggingface.co/monilouise/opt125M_portuguese
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tram que as técnicas eficientes produzem desempenhos competitivos em relagdo ao ajuste
fino completo, mesmo em modelos de menor escala. Notavelmente, a técnica GreenTrai-
ner apresentou resultados com menor degradagdo e, em alguns casos, até superiores ao
ajuste fino completo. Com essa andlise, buscamos contribuir para a atenuagdo dos impac-
tos socioeconOmicos e ambientais do treinamento de MLs, sem deixar de considerar as
particularidades do idioma portugués.

2. Fundamentacao Teorica

Esta secao visa elucidar conceitos fundamentais tratados no trabalho e essenciais no con-
texto de ajuste de MLs, especificamente acerca de PLMs e métodos de PEFT.

2.1. Ajuste de Modelos de Lingua Pré-treinados

Os PLMs sdo modelos que passam por uma etapa chamada de pré-treinamento, cujo ob-
jetivo € incorporar informagdes linguisticas relevantes a partir de um grande volume de
corpora. Todavia, esses modelos podem ndo representar adequadamente informagdes es-
pecificas de certos dominios ou tarefas ndo abordadas durante o pré-treinamento. Para
tratar dessa questdo, adota-se amplamente o ajuste fino dos PLMs, no qual os pesos dos
modelos sdo atualizados para tarefas ou dominios particulares por meio do treinamento
sobre um novo conjunto de dados especifico, tipicamente na tarefa final pretendida. Dessa
forma, € possivel aproveitar o conhecimento previamente codificado sem a necessidade
de repetir a etapa de pré-treinamento, realizando um processo direcionado e geralmente
menos oneroso [Paes et al. 2024].

2.2. Ajuste Fino Eficiente de Parametros

O conjunto de técnicas de PEFT reduz a demanda por recursos computacionais para
ajuste de PLMs. Esses métodos sdao divididos por [Xu et al. 2023] em aditivo, parcial,
reparametrizado, unificado e hibrido. O ajuste aditivo introduz uma quantidade me-
nor de parametros adicionais ajustdveis, evitando o ajuste dos parametros préprios do
modelo pré-treinado. O ajuste parcial atualiza apenas um subconjunto dos parametros
pré-treinados. A reparametrizacdo utiliza transformacdes de baixo posto da Algebra Li-
near para reduzir o nimero de parametros treindveis. O método unificado propde um
framework coeso que simplifica a integracdo de técnicas de ajuste fino, garantindo con-
sisténcia e eficiéncia na adaptacdo dos modelos. Por fim, o método hibrido combina
diversas técnicas de PEFT. Em comum, todos os métodos ajustam um ndmero reduzido
de parametros dos MLs.

Dentre todas essas técnicas, o método do tipo reparametrizado
LoRA [Hu et al. 2022] se destaca como um dos métodos de PEFT mais utilizados
para o ajuste de modelos em diferentes tarefas ao proporcionar consistentemente a
redu¢do no numero de pardmetros treindveis e consequente reducdo na demanda de
memoria [Zhao et al. 2024a, Yang et al. 2024]. Essa estratégia utiliza matrizes adicionais
de baixo posto A e B, que substituem a matriz de pesos original W. A computagdo final
dos modelos € realizada por meio da expressio W + A x B, permitindo a adaptagao dos
pesos com uma quantidade significativamente menor de recursos computacionais.

Embora eficaz, a LoRA ainda requer a computagcdo dos gradientes de ativacao
durante a etapa de backpropagation no treinamento de modelos, o que limita seu potencial
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maximo de reducdo de recursos. A estratégia GreenTrainer [Huang et al. 2024] surge
como uma alternativa que visa reduzir diretamente as operagdes necessdrias para ajustes
dos modelos, sem desconsiderar a backpropagation. Ela seleciona tensores especificos
para ajuste a cada época de treinamento, com base na importancia de cada tensor para a
diminui¢do da loss, caracterizando-se assim como uma técnica de ajuste parcial. Além
disso, ela permite a configuracdo do hiperparametro p, que determina a porcentagem de
operacOes mantidas em relacao ao ajuste fino completo.

Desse modo, ao considerar uma técnica consolidada e amplamente reconhecida
como a LoRA, e uma abordagem emergente e competitiva, como o GreenTrainer, este
estudo visa realizar uma avaliac@o inicial acerca do impacto dessas abordagens no de-
sempenho de PLMs de menor escala em tarefas finais, bem como na reducdo de seus
custos e impactos computacionais.

3. Trabalhos Relacionados

Trabalhos recentes t€ém desenvolvido MLs especificos para o portugués utilizando
métodos eficientes. Como ilustracdo, [Carmo et al. 2020] realizaram tanto o ajuste com-
pleto de parametros quanto o ajuste restrito aos embeddings do vocabuldrio — um método
parcial — no treinamento de um ML voltado para o portugués. Os resultados indicam
que, embora competitivo, o ajuste restrito aos embeddings é inferior ao ajuste com-
pleto. Além disso, os estudos de [Garcia et al. 2024] e [Cabral et al. 2024] introduzi-
ram LLMs ajustados especificamente para tarefas em portugués baseados na arquitetura
Llama [Touvron et al. 2023], empregando a técnica de reparametrizagdo LoRA.

Outros trabalhos avaliam o impacto de técnicas de PEFT sobre o desempenho
de PLMs. [Yang et al. 2024] comparam o ajuste fino completo a técnicas como LoRA,
Prefix-tuning [Li and Liang 2021] e o uso de adaptadores [Houlsby et al. 2019] em mo-
delos de menor escala da arquitetura BERT [Devlin et al. 2019] em tarefas ndo genera-
tivas, destacando o desempenho da estratégia LoRA e a competitividade das demais es-
tratégias de PEFT em relacdo ao ajuste completo nesse contexto. Contudo, tratando-se da
avaliagdo realizada sobre modelos generativos da arquitetura Llama, as técnicas baseadas
em LoRA se sobressaem. Resultados similares sdo reportados em [Huang et al. 2024],
que, ao proporem a estratégia GreenTrainer, realizaram uma avaliacdo comparativa com
outras técnicas de PEFT, concluindo por sua competitividade. O estudo avaliou PLMs
multilingues ou predominantemente voltados ao inglés, com parametros variando entre
350 milhdes e 7 bilhdes, revelando o potencial da aplicacdo de técnicas eficientes até
mesmo nos modelos com menor nimero de parametros.

No melhor de nosso conhecimento, nao hd, ainda, trabalho que avalie o uso da
abordagem GreenTrainer para MLs em portugués. Adicionalmente, nenhum dos trabalhos
mencionados apresenta uma analise comparativa que considere a relagdo do desempenho
de MLs de menor escala no idioma e o impacto de seu consumo em termos de tempo e
COseq. Desse modo, este estudo visa oferecer novas perspectivas que abordem tanto a
eficécia preditiva de modelos, quanto os custos associados a sua etapa de ajuste.

4. Avaliacao de Técnicas de Ajuste Eficiente

Esta secdo detalha os MLs avaliados, a tarefa de PLN selecionada e as métricas de
avaliacdo adotadas para investigar o impacto das técnicas LoRA e GreenTrainer tanto
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no desempenho textual quanto no consumo computacional. Destaca-se que o ajuste fino
completo dos parametros dos modelos foi adotado como baseline.

4.1. Modelos de Lingua Selecionados

A selecdo de MLs para tarefas especificas € influenciada pelo nimero de parametros
e pelo corpus de pré-treinamento, fatores cruciais para a viabilidade de execu¢do em
diferentes plataformas de hardware e para as capacidades de geracdo de texto do mo-
delo. Modelos maiores geralmente demandam mais recursos computacionais, enquanto
o corpus de pré-treinamento determina a adequacdo do modelo as necessidades da ta-
refa [Freitas 2024]. No contexto de recursos limitados, foram escolhidos dois mode-
los: 0 OPT-PTBR?, com 125 milhdes de parAmetros, baseado na arquitetura Open Pre-
trained Transformer (OPT) [Zhang et al. 2022] e adaptado para o portugués do Brasil, e
o PTTS-base [Carmo et al. 2020], com 223 milhdes de parametros, utilizando a arquite-
tura TS [Raffel et al. 2020] e pré-treinado com um corpus de paginas web em portugués
do Brasil. A escolha de modelos menores alinha-se com a necessidade de operar em am-
bientes com recursos limitados, mantendo a avaliacdo da qualidade da geracao de textos
em portugueés.

4.2. A Tarefa de PLN Aplicada: Sumarizacao

Para garantir a compatibilidade com a implementacio publica do GreenTrainer?, a ta-
refa de sumarizacdo textual foi selecionada. A sumarizagdo por meio de MLs con-
siste em condensar as informacdes de um texto, gerando uma nova versdo que
preserva de forma concisa o conteudo essencial do original. Essa tarefa € ampla-
mente estudada em PLN, incluindo no contexto do portugués brasileiro [Paiola 2022,
Pontes et al. 2022, Feltrin et al. 2023], com LLMs recentemente estabelecendo novos
padrdes de geracdo [Souza et al. 2024]. Fatores como a coocorréncia de termos relevantes
e a fidelidade entre texto original e gerado sdo importantes para determinar a qualidade
de um resumo. Igualmente relevantes sao aspectos como a aderéncia a formalidade e pre-
cisdo gramatical pretendidos. Por exemplo, no contexto jornalistico, resumos de noticias
politicas podem exigir um nivel de formalidade distinto daquele necessario para resumos
de eventos recentes em um reality show popular, embora, em ambos 0s casos, a corre¢ao
gramatical seja tipicamente fundamental. Assim, a tarefa de sumarizacdo posiciona-se
apropriadamente para a avaliagdo da aplicacdo de técnicas de ajuste de modelos, uma
vez que a adequacdo a contextos e dominios especificos é fundamental para garantir a
qualidade das geragdes textuais [Paes et al. 2024].

4.3. Métricas de Avaliacao

Com o objetivo de avaliar de forma integrada a qualidade do desempenho generativo e
0s custos e impactos computacionais, trés grupos de métricas foram usados na andlise
de geracdo de sumarios. O primeiro grupo visa medir a aderéncia dos resumos gerados
em relacdo aos textos de referéncia e € composto pelas métricas ROUGE [Lin 2004] e
BERTScore [Zhang et al. 2020]. A métrica ROUGE, amplamente utilizada nesse con-
texto, compara a sobreposi¢do de n-gramas entre o sumdrio automatico e a referéncia, en-
quanto o BERTScore utiliza modelos de lingua baseados em BERT para avaliar a similari-
dade semantica entre os textos. Neste estudo, a métrica ROUGE ¢ apresentada pela média

https://huggingface.co/monilouise/opt125M_portuguese
Shttps://github.com/pittisl/GreenTrainer/
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de suas variantes, ROUGE-1, ROUGE-2, ROUGE-L e ROUGE-S [Souza et al. 2024],
que se diferenciam na forma de computar os n-gramas, sendo os resultados expressos em
valores percentuais. O BERTScore, por sua vez, é expresso em termos da sua compo-
nente F1. O segundo grupo de métricas visa mensurar explicitamente o impacto € o con-
sumo de recursos associados ao ajuste dos modelos, incluindo a contagem do nimero de
(peta) operagdes de ponto flutuante por segundo (PFLOPS), que quantifica as operacodes
aritméticas necessdrias para o ajuste, o tempo de treinamento dos modelos e a quantidade
equivalente de CO, emitida durante o processo, estimada pela ferramenta disponivel por
[Lacoste et al. 2019]. Por fim, o terceiro grupo aproveita do extenso conjunto de métricas
fornecidas pelo portal NILC-metrix [Leal et al. 2023]* para avaliar a qualidade de escrita
dos textos gerados. Essas métricas extraem valores de diversos indicadores linguisticos
para avaliar informacgdes sobre morfossintaxe, coesao e coeréncia.

5. Experimentos

Esta secdo apresenta os experimentos conduzidos, detalhando as configuragdes utilizadas
e os resultados obtidos.

5.1. Configuracoes Experimentais

Hiperparametros Considerando a premissa de recursos limitados, os modelos foram
treinados por apenas uma época, com uma taxa de aprendizado de 2 - 10~° e um tamanho
de lote de 4. Para a tarefa de sumarizacdo, foram definidos: max_input_length de 512,
max_output_length de 128, repetition_penalty de 2,5 e length_penalty de 1,0. No
que se refere aos parametros do LoRA, utilizou-se r = 8, lora_alpha = 32 e uma taxa
de dropout de 0,1. O GreenTrainer foi testado com p de 0,5 e 0,7, e implementado
conforme [Huang et al. 2024]. Também ao encontro desse trabalho, o modelo OPT-PTBR
foi configurado com a estrutura “TL;DR” para sumarizacdo, enquanto o modelo PTT5
usou o prefixo “sumarize: [sequéncia de entrada]”. Por fim, o BERTScore foi computado
utilizando o modelo BERT multilingual®, dada a incompatibilidade da métrica com um
modelo préprio para o portugués.

Conjunto de Dados A tarefa de sumarizacdo ocorreu com a base Recogna-
Summ [Paiola et al. 2024]. Esse conjunto possui origem diversificada, sendo composto
por noticias de diferentes fontes de informacao. Tal diversidade resulta em uma colecao
de documentos que abrangem uma variedade de topicos e estilos jornalisticos. Ademais,
o RecognaSumm contém cerca de 135 mil instancias em que, para os propositos deste tra-
balho, foram selecionadas apenas as colunas referentes ao texto da noticia e ao sumario,
esse Ultimo servindo como referéncia padrao nas métricas de avaliacdo. Adota-se a sub-
divisdo pré-estabelecida do conjunto de dados, de 81,2 mil instancias para treinamento e
27,1 mil para validagio e teste cada.

5.2. Resultados Experimentais

A Tabela 1 combina os resultados do primeiro e do segundo grupo de métricas avaliados.
A porcentagem indica a variac@o positiva ou negativa em relacdo ao ajuste fino completo,
com resultados com diferenca percentual inferior a 1% marcados com 0%. Por fins de
simplificacao, as configuragdes de p para o GreenTrainer sdo denotadas GT-p.

‘http://fw.nilc.icmc.usp.br:23380/metrixdoc
Shttps://huggingface.co/google-bert /bert-base-multilingual-cased
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Tabela 1. Comparacao de eficiéncia, impacto ambiental e métricas textuais.

Modelo Estratégia PFLOPS Tempo (h) CO2eq (kg) ROUGE BERTScore
Ajuste fino 16,59 3,00 0,24 7,48 0,652

OPT-PTBR GT-0.5 8,18 (51%) 1,45 (52%1) 0,12 (501.%) 4,60 (39%.) 0,662 (2%1)
(125M params) GT-0.7 11,61 (30%.) 2,17 (28%) 0,17 (291 %) 7,94 (6%71) 0,682 (5%71)
LoRA 11,06 (33%1) 2,28 (24%) 0,18 (251%) 7,23 3%]) 0,672 3%71)

Ajuste fino 15,67 3,73 0,30 27,82 0,742

PTT5 GT-0.5 8,76 (44%)) 2,38 (36%.) 0,19 (371 %) 27,16 Q%) 0,739 (0%.)
(220M params) GT-0.7 11,50 (27%) 2,87 (23%1.) 0,23 (23] %) 27,56 (1%.) 0,741 (0%.)
LoRA 10,45 (33%) 2,61 (30%.) 0,21 (301 %) 26,20 (6%.) 0,734 (1%)

Os resultados indicam que a estratégia GT-0.7 apresentou ou a menor degradagao,
ou uma melhora no desempenho textual em comparagdo com o ajuste fino em todos os
casos avaliados. Em termos de desempenho computacional, seus resultados sdo proximos
aos da LoRA, embora ligeiramente inferiores. Observa-se que a configuracdo GT-0.5, a
mais eficiente em termos de consumo, apresentou uma queda significativa nos resultados
generativos para o OPT-PTBR na métrica ROUGE. No entanto, essa mesma configuragao
nao resultou em grandes quedas para o modelo PTTS, indicando que a robustez inerente
do modelo deve ser considerada ao aplicar estratégias de eficiéncia drastica. Na verdade,
essa configuracao foi superior a estratégia LoRA para esse modelo.

(a.) ROUGE x PFLOPS (b.) ROUGE x Tempo (c.) BERTSore x PFLOPS (d.) BERTScore x Tempo
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Figura 1. Comparativo entre os desempenhos computacionais e textuais.

A Figura 1 contrasta as métricas textuais com as medidas de desempenho. Essa
comparacao reforca a estratégia GT-0.7 como a que gera resultados mais proximos do
ajuste fino, seguida pela estratégia LoRA. Fica evidente também a leve superioridade da
economia da estratégia LoRA em relacdo a GT-0.7. Em termos de economia computa-
cional, a estratégia LoRA se posiciona consistentemente entre as configuragdes de GT,
embora, em termos de resultados generativos, seja inferior a GT-0.5 para o modelo PTTS5.
Além disso, particularmente para o modelo OPT-PTBR, os resultados de BERTScore obti-
dos pelo ajuste eficiente foram superiores ao ajuste completo. Por fim, a Figura 1 também
demonstra a superioridade geral do modelo PTTS5 na execuc¢ado da tarefa, ressaltando o
impacto que a escolha adequada do PLM pode implicar.

A Tabela 2 apresenta a distancia euclidiana média, calculada com base em cinco
conjuntos de métricas do NILC-metrix, entre uma amostra de 100 sumadrios gerados para
cada configuracdo avaliada e suas respectivas referéncias. Antes do cdlculo, os valores
foram normalizados para o intervalo de 0 a 1. Os melhores resultados estdo destacados
em negrito, enquanto os segundos melhores estdo sublinhados. De modo geral, os valo-
res semelhantes observados dentro do mesmo modelo, independentemente da estratégia
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Tabela 2. Métricas em sintaxe, morfologia e semantica do conjunto NILC-metrix.

Modelo Estratégia Coesiao Coesao Informacoes Complexidade Informacoes

Referencial Semantica Semanticas Sintatica Morfossintaticas
Ajuste fino 0,259 0,667 0,587 0,276 1,150
OPT-PTBR GT-0.5 0,269 0,679 0,595 0,255 1,143
(125M params) GT-0.7 0,252 0,652 0,560 0,281 1,058
LoRA 0,279 0,760 0,600 0,264 1,158
Ajuste fino 0,340 0,491 0,513 0,253 0,838
PTT5 GT-0.5 0,310 0,505 0,481 0,237 0,853
(220M params) GT-0.7 0,326 0,446 0,492 0,267 0,85 1
LoRA 0,247 0,692 0,560 0,258 0,962

de ajuste, indicam que as técnicas de PEFT nao comprometem significativamente a ca-
pacidade de escrita dos modelos de lingua quando comparadas ao ajuste fino. Notavel-
mente, as configuracdes do GT obtiveram os melhores resultados em vdrias ocorréncias.
No entanto, uma avaliacdo comparativa entre os modelos revela que o PTTS consistente-
mente apresenta desempenho superior, especialmente na avaliagdao de Informagdes Mor-
fossintéticas. Esse resultado pode estar relacionado a etapa de pré-treinamento, mais ro-
busta nesse modelo, sugerindo que uma execu¢do adequada dessa fase possibilita uma
estratégia de ajuste mais eficiente. No entanto, uma dualidade surge, pois uma etapa de
pré-treinamento mais robusta pode resultar em custos mais elevados. De maneira geral,
esses resultados corroboram os anteriormente descritos, indicando que, além da escolha
da estratégia de ajuste, a selecdo do modelo mostra-se crucial.

6. Consideracoes Finais

Este trabalho conduziu experimentos com estratégias de ajuste fino eficiente, empregando
dois modelos de menor escala treinados em portugués para a tarefa de sumarizacao tex-
tual. Os resultados indicam que a estratégia do GreenTrainer é competitiva em relacao
a estratégia ja estabelecida LoRA. Dependendo da escolha do parametro p, a estratégia
pode, inclusive, alcancar um equilibrio superior entre a degradac¢do de desempenho e o
ganho de eficiéncia computacional. Além disso, os resultados revelam que a aplicagdo
de estratégias eficientes pode implicar degradagdes significativas, dependendo da escolha
do modelo. Trabalhos futuros incluem avaliar essas estratégias em outros modelos e tare-
fas, visando obter melhores indicativos sobre a generalizacdo, além de considerar novas
estratégias como LoRETTA [Yang et al. 2024] e GaLore [Zhao et al. 2024b].

Por fim, visando a transparéncia, explicitamos os custos totais desta pesquisa,
totalizando R$1.642,48 em uso de recursos em nuvem. Os experimentos, realizados
na Google Cloud Platform na regido us-centrall, resultaram em emissdes estimadas de
14,52 kgCOyeq, com 364 horas de computacdao em duas GPUs T4 (TDP de 70W) e uma
efici€éncia de carbono de 0,57 kgCOseq/kWh.
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Abstract. We present TableRAG, a novel pipeline designed to integrate tabular
data into traditional Retrieval-Augmented Generation (RAG) systems. Our ap-
proach is composed of three main parts: (i) generating textual representations
of tables, (ii) indexing table representations in vector databases for retrieval,
and (iii) employing large language models to generate SQL or Python code for
data manipulation over a given table. We assessed the effectiveness of TableRAG
by comparing retrieval and re-ranking accuracies over the OTT-QA benchmark
and by utilizing both open and closed-source LLMs to generate code for answer-
ing questions from the WikiTableQuestions benchmark. Our best results show
86.7% HITS@5 for retrieval and 74% accuracy for Q&A, demonstrating the
feasibility of integrating tabular data into RAG systems with high accuracy.

1. Introduction

In recent years, the application of generative models in Question Answering (Q&A) sys-
tems has gained substantial traction, particularly in enterprise settings where accurate and
efficient information retrieval is crucial for decision-making, customer support, and oper-
ational efficiency. Large Language Models (LLMs) have shown remarkable capabilities
in generating natural language responses based on vast amounts of textual data, however,
these models are not without their challenges—one of the most significant being the issue
of hallucination, where the model generates plausible-sounding but incorrect or nonsensi-
cal answers [Kandpal et al. 2023, Gao et al. 2023, Lin et al. 2023, Tonmoy et al. 2024].
This problem becomes particularly pronounced when the required information is not
purely textual but embedded in semi-structured data, such as tables, which can be stored
in large and diversified databases, where the ability to accurately retrieve and interpret
them is essential.

To mitigate hallucination and to retrieve relevant information to a particular do-
main, a widely adopted paradigm known as Retrieval-Augmented Generation (RAG)
is employed. This technique is based on the premise that LLMs are more likely to
provide accurate responses when supplied with relevant context at runtime, i.e., within
the prompt that defines the task instructions, in a strategy called in-context learning
[Dong et al. 2024]. Traditional Information Retrieval (IR) methods are utilized to fetch
pertinent documents, which are then fed into the language model for text generation.

In this work, we propose a RAG pipeline that integrates tabular data within textual
databases for information retrieval, using retrieved tables to generate reliable responses
(Figure 1). Building upon traditional RAG pipelines, we implement a table retrieval mod-
ule based on the same vector similarity strategy commonly used for texts, and another
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Figure 1. Overview of the TableRAG Pipeline

module for Q&A based on generating code to manipulate tables. We evaluate the results
using two well-known Q&A benchmarks with tabular data, Open Table-and-Text Ques-
tion Answering (OTT-QA) [Chen et al. 2020a] for the retrieval part of our pipeline, and
WikiTableQuestions [Pasupat and Liang 2015] for the Q&A part.

Our results show that it is possible to incorporate tabular data into Retrieval-
Augmented Generation systems in an efficient way by representing tables as texts, sim-
ilarly to how traditional retrieval information systems work. Moreover, we show that
code generation yields good results for obtaining answers from retrieved tables, and we
highlight the considerable promise for improving the performance of open-source LLMs,
which could lead to the development of more robust, adaptable, and affordable RAG sys-
tems, capable of managing multimodal data sources.

2. Related Work

Unlike Q&A over texts, which involves reading document excerpts to answer questions
using extractive or generative models, Q&A over tables involves additional factors. To
answer complex questions using tables, one must interpret the arrangement of rows and
columns, perform filtering, joins, mathematical operations, and various other forms of
table manipulation.

There are at least three tasks that have been tested in the literature for Q&A with
tabular data. First, parsing semantically compositional questions in order to determine the
manipulation steps that are needed to obtain a given information from a table. The Wik-
1TableQuestions benchmark [Pasupat and Liang 2015] addresses this task. It comprises
semi-structured tables, which may contain textual data, and each question may require
operations such as table lookup, aggregation (counting records, summing numerical val-
ues, etc.), superlatives (finding the maximum or minimum value), arithmetic operations,
among others, which need to be identified in the question in order to determine the ma-
nipulations steps that are needed to answer it correctly.

Second, manipulating relational database tables using their relationships with
other tables to join information from different sources. The Spider benchmark
[Yu et al. 2018] introduced this task. Its specificity involves the use of foreign keys, join-
ing multiple tables, and constructing nested SQL queries.
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Third, answering multi-hop open-domain questions that need reasoning over both
textual passages and tabular information. The Open Table-and-Text Question Answering
(OTT-QA) benchmark [Chen et al. 2020a] introduced this task. Its peculiarity is twofold:
the retriever model must find the table that best answers the question from a large collec-
tion of tables, and the reader model must simultaneously examine data from two different
modalities, texts and tables.

For the Q&A part, our approach seeks to address the challenges proposed by the
WikiTableQuestions benchmark, using LLLMs to generate code that correctly manipulates
tables in order to find answers to semantically compositional questions. In 2015, when
the WikiTableQuestions benchmark was proposed, the approach used to solve the task
involved converting tables into knowledge graphs and parsing the questions into logical
form, followed by selecting the most probable graph candidates to answer the question
[Pasupat and Liang 2015]. The results achieved were 37.1% accuracy, considering all
candidate answers, and 76.6%, considering that at least one of the candidate answers was
correct.

More recent works address the WikiTableQuestions task using large language
models. [Yin et al. 2020] achieved a result of 52.3% accuracy by pre-training a new
model, called TABERT, with data from 26 million tables and their respective natural lan-
guage contexts [Liang et al. 2018]. The work by [Liu et al. 2024] used GPT-3.5 to trans-
pose tables to normalize them and then used the same model to perform two types of in-
ference: with direct prompting (DP), asking the model to reason about the table in textual
form, and as a Python agent, asking the model to interact with a Python shell in up to five
interactions. They achieve state-of-the-art accuracy of 73.6% on WikiTableQuestions.

3. TableRAG Pipeline Components

The instruction in Figure 2 is an example of the prompt directed to the language models
for generating Python code. In this prompt, we can observe, besides the request for code
generation, how the tables are represented textually and in consideration of their metadata.
These procedures will be explained step by step in the following subsections.

Obtaining Textual Representation of Tables This part of our approach is inspired by
the work of [Abraham et al. 2022]. Given that it is not always feasible to load entire
tables into memory, the authors employ several strategies to represent the table through
its schema, ensuring that the SQL query to be created is based on this indirect form of
representation. The idea works particularly well in the context of Retrieval-Augmented
Generation, where the initial step is to retrieve specific documents from a diverse doc-
ument repository. In our case, we aim to retrieve the tables that best answer the user’s
query, using the same strategy for text indexing and retrieval.

The metadata generated for a table consists of a textual description, generated by
an LLM, along with additional information such as column names, unique values, and
data types (numeric, textual, dates) for each table column. Other pieces of information,
such as title of the table, paragraphs that explain it, acronyms meanings and so on can
be inserted here to enrich the textual description of each table. When the table preview is
passed to the language model, it is placed as the final element of the prompt, so to truncate
it if exceeding the input token limit that the model accepts.
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You are a backend API that is going to write a Python function named “process_df" that will return an answer to a question based
on a Pandas dataframe named "df ven as argument to the function.

Include all necessary imports inside the process_df function, including pandas and numpy.

First, you must preprocess the dataframe in order to avoid problems with type conversion.

For example, beware of missing values and preprocess unicode characters such as \xabm if they are strings. Do not discard entire
rows.

Some columns may need to be converted imto numeric types.

QUESTION: how long did it take for the new york americans to win the national cup after 19362

This table provides information about the New York Americans soccer team. The table has six columns named Coll, Col2, Col3,
Col4d, Col5, and Col6. Coll represents the year, Col2 represents the division, Col3 represents the league, Cold represents the
regular season performance, Col5 represents the playoffs performance, and Colé represents the national cup performance. The
table includes data such as the team's position in the league, playoff participation, and cup achievements for different
seasons.

The column named "C " is about Year. Its type is object.

The column named " about Division. Its type is float64.
The column named " about League. Its type is object.

The column named "C " is about Reg. Season. Its type is object.
The column named "Col5" is about Playoffs. Its type is object.
The column named "Col6" is about National Cup. Its type is object.

The column named “Coll™ has the following unique values: ['1931°, ‘Spring 1932°, "Fall 1932°, * ng 1933°, '1933/34°,
*1934/35°, °1935/36°, "193 *, "1937/38°, °1938/39°, '1939/4e°, '194@/41', '1941/42°, '194, *1943/44°, *1944/45°,
*1945/46°, "1946/47°, I / “ /49°, '1949/50", '1958/51°, '1951/52°, '1952/53", '1953/54', "1954/55', "1955/56']

The column named “Col2" has the following unique values: ['1.8°, nan]

The column named "Col3" the following unique values: ['ASL"]

The column named "Col4” has the following unique values: ['6th (Fall)', 'S5th?', "3rd*, '?', "2nd’, '1st®, '5th, National’,
*3rd(t), National', ‘4th, Mational®, ‘4th*, *6th’, *9th’, 'Sth*, "1st(t)‘, "8th’]

The column named "Col5" has the following unique values: ['Mo playoff', '?°, 'Champion (no playoff)', 'Did not qualify’, "lst
Round', *Finals']

The column named “Col6" has the following unique values: [nan, ‘1st Round®, °*Final®, '2', ‘Champion’, "Semifinals®]

Here is a preview of the table:

Coll C
1931

Col
1
Spring 1932 1
1
1

Col3 Cold Col5 Col6
SL 6th (Fall) No playoff NaN
SL 5th? No playoff 1st Round
SL 3rd No playoff MNah
SL ?

& Final

Fall 1932
Spring 1933

2
a
a
a
a

)
A
A
A
A

Figure 2. Prompt for Python Code Generation

Column Renaming: A common error we observed in the construction of Python code
and SQL queries by LLMs is the use of non-existent columns, a particular case of hallu-
cination. To address this issue, we implement a strategy to rename columns to temporary
placeholders, such as Coll, Col2, Col3, ... ColN. This forces language models to utilize
columns based on the description of the data type they contain, rather than their names.

Table Indexing: The table is then indexed in a vector database through its textual repre-
sentation. The idea is that the summary generated by the LLLM should be sufficient for the
table to be retrieved, leveraging the same strategy used in text indexing, by transforming
table descriptions into dense contextual vectors.

Retrieval, Re-ranking and Filtering: Table retrieval is performed via similarity mea-
sures, such as cosine similarity, comparing the vector representation of the user’s query
with the vector representations of table descriptions. After retrieval, we employ a re-
ranking step by asking an LLLM to reorder the retrieved tables by relevance, and a filtering
step, by asking it to filter the results, eliminating retrieved tables that despite their simi-
larity to the user’s query cannot directly answer the question.

Code Generation: Next, we prompt an LLM to generate code to obtain the answer
from the table, as exemplified in Figure 2. The code generation prompt was meticulously
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adjusted to avoid common pitfalls these models tend to encounter, such as attempting
to perform operations on dataframe columns with missing values without first handling
these cells. These adjustments were based on the outputs of GPT-4, for both SQL and
Python code generation, and improved our accuracy in 16% for the same model, being
the previously mentioned column renaming procedure one of the most beneficial changes
we have made.

Response Generation: The generated code is then executed and the output is passed to
another LLM, which is responsible for providing a natural language response to the user’s
question, considering the question, the data, and the output of the executed code.

4. Methodology

To evaluate the quality of our pipeline, we utilized two traditional benchmarks,
called OTT-QA [Chen et al. 2020a], for the retrieval part, and WikiTableQuestions
[Pasupat and Liang 2015], for the Q&A part. The tables from both datasets were sourced
from Wikipedia.

While the WikiTableQuestions dataset is ideal for our purpose of testing code
generation for table manipulation, it is not ideal for evaluating the efficiency of our table
retrieval module. This is because the questions are constructed in a closed-domain fash-
ion, meaning they can only be answered if it is already known which table they refer to.!
Therefore, when using the benchmark to evaluate our Q&A capabilities, we provide the
language model with the correct table. To assess the quality of our retrieval and re-ranking
modules, we will be testing them against the OTT-QA benchmark.

The OTT-QA benchmark is composed of questions based on those from another
dataset, HybridQA [Chen et al. 2020b], but they were adapted to become “decontextual-
ized,” making them open-domain and therefore suitable for testing retrieval systems. It
contains 400K+ tables to retrieve from and 45K human-annotated questions. We use all
the 2,214 questions in the development partition of the benchmark to test retrieval and
re-ranking. We use HITS@K to measure performance, where K ranges from 1 to 5, and
means whether the correct table for each question is in the top-K retrieved or re-ranked ta-
bles. Re-ranking is done after the retrieval step, and we compare results with and without
re-ranking.

The WikiTableQuestions benchmark contains 2,108 semi-structured tables and
22,033 complex question-answer pairs. The questions and answers were constructed by
humans through crowdsourcing, with instructions to create questions that involve various
types of operations required to answer them, as shown in the distribution in Figure 3.

Due to operational constraints involving LLMs costs, all tests in the WikiTable-
Questions were performed on a sample of 200 questions from the test dataset. As noted,
several adjustments were made to the LLM instructions and to the table indexing method
to facilitate the inference of correct answers and the inference of code that did not gener-
ate exceptions. All the adjustments were based solely on the results observed for the train

For example, in the question “what is the first city sorted alphabetically?”, there is no indication of
which table should be found—cities of what country? in what state? in what period of time?—, and it can
only be correctly answered if the table to which the question refers has already been identified.
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Operation Amount
join (table lookup) 13.5%
+ join with Next +3.5%
+ aggregate (count, sum, max,...) + 15.0%
+ superlative (argmax, argmin) +24.5%
+ arithmetic, ', L + 20.5%
+ other phenomena + 21.0%

Figure 3. Operations required to answer a sample of 200 questions from Wik-
iTableQuestions. Source: [Pasupat and Liang 2015].

dataset questions, thereby preventing any information leakage from test to train.

The answers in WikiTableQuestions are provided as lists of size greater than or
equal to 1, with sizes greater than 1 when more than one term is expected in the predicted
answer for it to be considered correct. Thus, we used accuracy to measure the perfor-
mance of our Q&A module, normalizing the strings in the dataset and the strings inferred
by the models, to check if all the expected terms are present in the predicted answer.?

In addition to accuracy, we also considered the number of generated codes that
produced any runtime exceptions and the time taken to answer each question. In other
words, we are also testing the ability of these models to generate functional and correct
code in the shortest possible time.

The scenarios in which we tested our pipeline are as follows:

» For generating table descriptions, re-ranking, and the final natural language re-
sponse, we consistently used the GPT 3.5 Turbo model from OpenAl, due to its
good performance and low cost.

* For generating dense vector representations of each table descriptions, we use em-
beddings generated by a model based on XLM-RoBERTa [Conneau et al. 2019]
fine-tuned for information retrieval [Wang et al. 2024], which are then indexed in
the Elasticsearch platform?® and are retrieved using the cosine similarity strategy.

» For generating table manipulation code, we tested:

— Closed-source models, namely GPT 3.5 Turbo and GPT 4
[OpenAl et al. 2024], accessed from OpenAl API;

— Open-source models available from the GPT4All hub [Anand et al. 2023],
namely LLaMa 3 8B Instruct [Dubey et al. 2024], Nous Hermes 2 Mis-
tral DPO 7B [Jiang et al. 2023], Falcon 7B [Almazrouei et al. 2023], and
GPT4All Snoozy 13B [Anand et al. 2023]. We used a single V100 32 GB
GPU to infer responses with these models.

* All code generation models were tested by generating SQL queries (executed us-
ing the Python library sgldf) and code for dataframe manipulation (executed
using the Python library pandas).

2We use accuracy as defined in [Mallen et al. 2022], since other metrics could be harder to be applied
due to the nature of generative models answers, which tend to have a lot more words than the needed terms.
Shttps://www.elastic.co/
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5. Results

Figure 4 shows the performance of the retrieval and the re-ranking modules in TableRAG
pipeline to find the most suitable tables to answer questions from OTT-QA. Re-ranking is
applied on top of the retrieved tables, and increases the results of retrieval in 3.7 points in
HITS @1, when the table ranked first is the correct one. Re-ranking is still better than just
retrieval when looking at HITS @2, but after that, just retrieval becomes better than when
re-ranking is applied. When looking at HITS@5, the results from retrieval are 1.4 point
better than those with re-ranking. This decrease happens mainly because of lower-ranked
tables that the LLM judged that needed to be filtered out of the list during re-ranking,
when they were in fact the correct ones.

. Comparison of Retrieval and Re-ranking Results (HITS@K)

—&— Retrieval 86.7%
84.3%

85} Re-ranking

167.3%

Figure 4. Comparison of Retrieval and Re-ranking Results over OTT-QA

Figure 5 shows the performance of the different models tested for generating
Python code or SQL queries to answer the WikiTableQuestions. The yellow bars rep-
resent the accuracy value, while the orange ones represent the number of codes that pro-
duced exception at runtime, both in % of questions. The green line represents the average
time in seconds taken to answer each question.

The best results come from OpenAlI’s closed-source models, both GPT-4 and GPT-
3.5. The disparity between the best closed-source model and the best open-source model
can be easily explained, among other factors, by the size of the models: while Nous
Hermes 2 has 7 billion parameters in its neural architecture and achieved 40% accuracy,
GPT-4 is speculated to have over 1 trillion*, reaching 74%.

The difference in results between generating SQL and Python code for closed-
source models is relatively small (74% in Python versus 72.5% in SQL for GPT-4). How-
ever, the difference in time is striking: while GPT-4 took an average of 11.5 seconds to
generate Python code per question, generating SQL code was much faster, averaging 2.8
seconds. This is due to the fact that more preprocessing is required to construct functional
Python code, and the larger the code, the longer the inference time. For open-source
models, in general, better results are obtained when generating SQL code. Nous Hermes
2 achieved 40% accuracy building SQL queries and only 20% building Python codes,
while the better open-source Python code generator, LLaMA, obtained only 26%.

“Sources suggest that GPT-4 could be a mixture of several models that, together, total 1.76 trillion
parameters (https://en.wikipedia.org/wiki/GPT-4).
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Comparison of Accuracy, Exceptions, and Time across Models and Strategies (Sorted by Accuracy) .

Accygacy (%) —e— Time per question (seconds)
mmm Excebtions (%)

-10

Accuracy (%) / Exceptions (%)
Time per question (seconds)

Model + Strategy

Figure 5. Comparison of LLMs Results in Code Generation for Q&A over Wik-
iTableQuestions

6. Conclusions

We presented TableRAG, a pipeline for integrating tabular data into traditional Retrieval-
Augmented Generation systems. The pipeline consists of obtaining textual representa-
tions of tables, indexing and retrieving them as dense contextual vectors, generating SQL
or Python code for table manipulation, and generating a candidate answer in natural lan-
guage. With the described pipeline, we achieved results of up to 86.7% HITS@5 in
retrieval and 74% accuracy in Q&A using GPT-4.

Some limitations of this work should be considered. Due to computational cost
and processing time, the results for Q& A were obtained using a sample of 200 ques-
tions from the WikiTableQuestions test set, making it difficult to compare our results with
those of other works using the same benchmark. Additionally, the instructions provided
to the language models for code generation were adjusted based on the outputs of the
GPT-4 model, as it was the best-performing model, but they could also have been ad-
justed considering the most frequent errors of each of the other models individually. The
open-source models did not undergo any fine-tuning process, which could significantly
improve their results, and we did not test open-source models larger than 13B parameters.
Finally, we did not perform any preprocessing on the tables to make them more easily
interpretable, such as the table transposition procedure performed by [Liu et al. 2024],
which yielded the state-of-the-art with 73.6% accuracy using GPT-3.5.
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Abstract. This paper introduces Porttinari-base PropBank (PBP): the
Porttinari-base corpus with a semantic role layer. The annotation was perfor-
med on syntactic dependencies, using linguistic rules and under human inspec-
tion. More than 40,000 arguments were annotated, and the results are discussed
in light of works investigating the generalization of PropBank labels.

Resumo. O artigo introduz o Porttinari-base PropBank (PBP): o corpus
Porttinari-base com uma camada de papéis semanticos. A anotagdo foi feita so-
bre dependéncias sintdticas, usando regras linguisticas e sob inspecdo humana.
Foram anotados mais de 40 mil argumentos, e os resultados sdo discutidos a luz
de trabalhos que investigam a generalizagcdo das classes do PropBank.

1. Introducao

Entre os métodos utilizados para representar computacionalmente informacao semantica
em textos estd a anotacdao de papéis semanticos (ou SRL — Semantic Role Labeling).
Papéis semanticos sao responsaveis por indicar quem fez o qué, para quem, onde, quando,
como, por qué, para qué, com o qué, com quem, etc., e assim estruturam de maneira
explicita e interpretdvel a informacao contida em enunciados linguisticos. Enquanto ta-
refa, a anotacdo de papéis semanticos tem como objetivo atribuir etiquetas a argumentos
de predicadores, indicando o papel que estes argumentos exercem em uma frase.

A anotagdo de papéis semanticos permite criar representagdes semanticas estdveis
ao longo de diferentes realizacdes linguisticas, e as frases 1 a 5 ilustram este ponto. Sin-
taticamente, “porta” exerce diferentes funcdes, assim como ‘“chave”. Na atribui¢do de
papéis semanticos, “porta” € a “coisa abrindo” em todas as 5 frases, e “chave” é o instru-
mento de abertura em todas as 5 frases, ndo importa a funcao sintdtica que exercam. Na
frase “O tempo abriu no feriado”, entretanto, teriamos uma outra estrutura argumental (e
outra representacdo semantica), ja que estariamos diante de um outro sentido de “abrir”.

A chave abriu a porta.

Ela abriu a porta com a chave.

A porta foi aberta com a chave.

A porta foi aberta por ela com a chave.
A porta abriu com a chave.

ARE R e

Um PropBank (Proposition Bank, ou Banco de Proposi¢des) € um corpus que
contém anotacio de papéis semanticos, relacionando verbos' e seus argumentos di-
retamente as estruturas sintdticas de um treebank e conforme o modelo sugerido por

! Atualmente, substantivos e adjetivos também podem ser considerados.
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[Palmer et al. 2005], ja4 que, teoricamente, papéis semanticos estariam na interface
sintaxe-semantica [Palmer et al. 2005, Levin 1993, Levin and Rappaport Hovav 2005].

Apesar de ser um fendmeno linguistico amplamente estudado, ndo ha consenso
relativo ao conjunto de papéis semanticos da lingua. No PropBank, a diversidade tedrica
acerca dos papéis semanticos € contornada com a utilizacdo de i) argumentos numera-
dos, que vao de Arg0 a ArgS; e ii) argumentos modificadores, um conjunto mais am-
plo de argumentos. A motivacdo para o conjunto limitado de papéis numerados € fa-
cilitar a generalizacdo para o aprendizado de mdquina, ainda que alguns estudos mos-
trem que este objetivo é apenas parcialmente alcancado [Merlo and Van Der Plas 2009,
Gung and Palmer 2021, Li et al. 2023]. A diferenca entre argumentos numerados e argu-
mentos modificadores estd sobretudo na natureza da relagdo sintdtica que o argumento
mantém com o verbo (exigéncia, nos argumentos numerados, vs opcionalidade, nos ar-
gumentos modificadores). A distin¢c@o entre os argumentos também € motivada pela as-
sistematicidade semantica dos papéis com relacio aos verbos, e por isso argumentos nu-
merados sdo especificos de verbos (o Arg0 do verbo “abrir” é “quem abre”, e o Arg0
de “alagar” é “causador do alagamento”). Os ArgM, por outro lado, ttm uma semantica
especifica e previsivel (indicada pelo nome da etiqueta, como ArgM-tmp para “tempo” e
ArgM-cau para “causa”), e podem se associar a qualquer verbo.

A semantica dos argumentos numerados € revelada com o alinhamento entre a
anotacgdo do corpus e o recurso lexical associado ao PropBank, os chamados Frame Files
— em nosso caso, dispomos do Verbo-Brasil [Sanches Duran and Aluisio 2015]. Assim,
a frase (2), segundo o estilo PropBank, € anotada como indicado abaixo. Um PropBank,
portanto, ndo é apenas um corpus anotado, mas a associa¢do entre um corpus anotado e
um léxico, que indica como os elementos devem ser anotados e o que eles significam.

* Ela[Arg0O] abriu a porta[Argl] com a chave[Arg2].

Neste artigo, apresentamos o Porttinari-base PropBank (PBP), que corresponde
a adicdo de uma camada de papéis semanticos a todas as frases do corpus jornalistico
Porttinari-base, que compoe o treebank Porttinari [Pardo et al. 2021, Duran et al. 2023].
O Porttinari-base € padrao ouro na anotagao sintatica conforme a teoria Universal Depen-
dencies (UD) [de Marneffe et al. 2021]. Com o PBP, o Porttinari-base passa a ser dupla-
mente padrdo ouro — nas dependéncias sintdticas e nos papéis semanticos —, contribuindo
para a disponibilizac¢do de recursos de alto nivel para o processamento do portugués.

2. Motivacao e trabalhos relacionados

O PropBank foi criado com o objetivo de treinar modelos no aprendizado supervisionado.
Levando em conta a onipresenga de arquiteturas neurais e grandes modelos de lingua,
discutimos brevemente a relevancia para o PLN da anotacdo de papéis semanticos.

Entre as criticas ao atual paradigma de IA, estdo a falta de transparéncia e de ex-
plicabilidade dos métodos e resultados. Neste contexto, papéis semanticos oferecem ma-
neiras interpretdveis de representar semanticamente enunciados verbais, podendo servir
de insumo, por exemplo, para a criacao de grafos de conhecimento [Mohebbi et al. 2022],
0 que torna este tipo de representacdo semantica relevante para a investigacao acerca da
articulacao entre os grandes modelos de lingua (os LLMs — Large Language Models) e
fontes de conhecimento estruturado [Dong 2023]. Na articulacdo entre redes neurais e
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SRL, [Mohebbi et al. 2022] propdem uma abordagem de aprendizado de grafos profun-
dos para computar similaridade semantica de documentos, usando papéis semanticos.

A anotacdo de SRL também pode ser usada para avaliacdo de modelos de lingua
quanto a capacidade de representar informacdo semantica estruturada e interpretidvel
[Tenney et al. 2019a, Tenney et al. 2019b, Han and Choi 2020]. Nessa vertente, nota-
mos a escassez de conjuntos de validacdo criados para o portugués, que nos faz uti-
lizar conjuntos de dados traduzidos do inglés [Rodrigues et al. 2023]. A utilidade da
anotacdo de papé€is semanticos no PLN também pode ser indireta. Considerando o pa-
radigma de avaliacdo extrinseca, [Evans and Orasan 2019] utilizam SRL para verificar se
a simplificacdo textual é capaz de facilitar o desempenho na tarefa de SRL. Uma vez que
a tarefa de SRL pode ser considerada um passo além da analise sintatica, diferentes mo-
delos de representacdo sintdtica também podem ser avaliados em funcido do desempenho
obtido na anotagdo SRL, como sugerido em [Freitas 2023].

Desde 2011, o portugués dispde do PropBank-BR [Duran and Aluisio 2011], que
anotou papéis semanticos ao estilo PropBank sobre a parte brasileira do treebank Bosque,
em sua versdo de sintaxe de constituintes disponibilizada pela Linguateca. Este PropBank
levou a formulagao (e adaptacdo do inglés) de diretivas de anotac@o e permitiu a criagao
do recurso 1éxico que codifica os sentidos dos verbos e descreve seus frames sintaticos,
o Verbo-Brasil [Sanches Duran and Aluisio 2015]. No entanto, esse recurso é ainda limi-
tado. Tendo em vista a criacdo de um material maior e mais lexicalmente diversificado,
foi criado o PropBank-BR v2 [Duran et al. 2014, Hartmann et al. 2016]. Diferentemente
da versdo anterior, este material foi construido sobre drvores sintdticas nio revistas. Em
ambos os casos, o processo de anotacdo seguiu o PropBank original, com a anotagcdo
feita de maneira linear, frase a frase. O portugués conta ainda com o CINTIL-PropBank
[Branco et al. 2012], um corpus de frases anotadas com estrutura de constituintes e papéis
semanticos, criado de maneira semiautomatica, com algumas etiquetas anotadas automa-
ticamente, e com um conjunto de papéis semanticos que € uma adaptacdo dos argumen-
tos numerados de [Palmer et al. 2005]. Por fim, em uma abordagem baseada em regras,
[Bick 2007] faz SRL seguindo a Constraint Grammar.

3. O Porttinari-base PropBank

No PBP, a anotacdo de papéis semanticos foi baseada em dependéncias, sendo cada argu-
mento um Unico token. A anotac¢do foi feita em um arquivo no formato CoNLL-U, que
consiste em um texto simples com 10 campos separados por caracteres de tabulagio?. A
anotacao foi feita nas colunas 10 (nomeada de MISC) para a atribui¢do dos argumentos,
e 9 (coluna DEPS) para a anotacdo dos frames. Foram anotados argumentos explicitos e
implicitos, como sujeitos omitidos. A Figura 1 apresenta a codificacdo da frase “Junior ja
presidiu a JBS, mas vendeu a sua parte”. Para facilitar a leitura, omitimos os contetidos
das colunas 3 a 6. A coluna 9 indica os frames dos verbos “presidir” e “vender” (res-
pectivamente, presidir.01 e vender.01). A coluna 10 informa os papéis semanticos e seus
predicadores. Por exemplo, o token 1, “Junior”, € Arg0 do token 3 (“presidir”) e Arg0 do
token 8 (“vender’”), mesmo que esta tltima informag¢do ndo esteja explicita na frase.

A anota¢do do PBP utilizou 26 etiquetas. Diferentemente do Propbank original,
criamos, no PBP, etiquetas que especificam alguns casos da classe mais geral ArgM-adv:

https://universaldependencies.org/format.html
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Figura 1. Anotagao de papéis seménticos nas colunas 9 e 10 do CoNLL-U

ArgM-conseq, para indicar consequéncia; ArgM-cond, para indicar condi¢cdes e ArgM-
comp, para indicar comparacoes. A divergéncia com relacdo a lista de papéis do PropBank
original estd na classe ArgM-src (source, fonte da informagdo), para ocorréncias como
De acordo com a policia, trata-se de uma “prisdo significativa”’para as investigagoes.
No PropBank original, este tipo de constru¢do ndo deve ser anotado, mas as anotamos
pela relevancia argumentativa/retorica. Em consondncia com as versdes do PropBank-
BR, utilizamos etiquetas especificas para verbos auxiliares (de tempo, modo, aspecto e
VOZz) para o pronome -se.

O material foi anotado com base no Manual de anotagdo do PropBank-
BR v2 [Duran 2014] e nos frames verbais elencados no recurso Verbo-Brasil. Ao
longo do projeto, as diretivas de anotagdo foram enriquecidas e atualizadas, dando
origem a [Duran and Freitas 2024]. Com relacdo a seus antecessores brasileiros, a
anotacdo PBP difere quanto a independéncia da camada sintdtica no que se refere a
identificagdo/segmentagdo de argumentos (se a segmentagdo da analise sintdtica e a
segmentacdo de argumentos indicada no Verbo-Brasil divergirem, seguimos o Verbo-
Brasil).

E interessante destacar as interferéncias da sintaxe UD na tarefa de SRL. No PBP,
as divergéncias entre anotagdes sintdtica e semantica foram motivadas pela impossibili-
dade, em UD, de cruzar arcos sintiticos (exemplo 1), e em frases com verbos auxiliares,
uma vez que a sintaxe UD € bastante econdmica quanto ao que deve ser considerado verbo
auxiliar. Na anota¢ao UD do Porttinari, estdo anotados como auxiliares apenas auxiliares
de tempo e voz. Na atribuicdo de papéis semanticos, porém, esta economia tem como
resultado a (falsa) necessidade de atribuir papéis a elementos que, em portugués, nao
estdo atuando como verbos plenos (“possam’no exemplo 2), e que portanto nao deveriam
receber papéis semanticos — e o resultado € uma constru¢do sem sentido.

1. O defeito, que a Takata demorou a reconhecer, foi revelado em...
(a) Codificagcdo UD: Takata demorou o defeito
(b) Codificacao PBP: Takata reconheceu o defeito
2. O projeto prevé que as deducdes s6 possam ocorrer a partir de 2021
(a) Codificagcdo UD: dedugdes possam; prevé possam; possam ocorrer
(b) Codificacao PBP: ocorrer dedugdes; prevé ocorrer

O fato de verbos de ligacdo serem considerados AUX, com relagdes de de-
pendéncia “especiais” (os argumentos sintdticos — sujeito e predicativo — ficam disso-
ciados do verbo “ser”, e o niicleo do sintagma € o elemento nominal predicativo) também
levou a divergéncia de anotagdes, ja que o verbo “ser” tem papéis semanticos para as
posi¢des de sujeito e de predicativo do sujeito.
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4. Metodologia

Em termos gerais, a anotagdo de papéis semanticos no PBP seguiu as seguintes etapas,
algumas delas concomitantes:

Identificacdo do predicador, que em nosso caso foram apenas os verbos;
Consulta ao Verbo-Brasil para selecdo do frame adequado;

Anotacao dos argumentos numerados conforme descritos no Verbo-Brasil;
Anotacgdo dos argumentos modificadores conforme descritos nas diretivas;

Caso necessario, criacao de frames provisorios para verbos novos ou sentidos no-
vos de formas verbais ja presentes no Verbo-Brasil;

6. Aplicagdo de regras de validagdo para detectar problemas na anotagao.

RAREEE Ol A

Todo o processo de anotacgdo foi feito com base em regras linguisticamente moti-
vadas e de maneira nao-linear [Wallis 2003], seguindo o exemplo de [Freitas et al. 2023].
Nisto, diferimos do processo de anotagdo do PropBank original, no qual cada frase era
anotada inteiramente de uma vez, e do PropBank-BR versoes 1 e 2, que seguiu a mesma
metodologia. A anotacgdo foi feita com a ferramenta ET [de Souza and Freitas 2021], uti-
lizando o ambiente Interrogatorio.

A anotacdo foi feita em 3 fases: (i) anotacdo de elementos explicitos, sempre
que possivel usando regras com padrdes 1éxico-sintaticos derivados dos exemplos de Du-
ran (2014) e das frases-exemplo no Verbo-Brasil; (ii) anotacdo de elementos implicitos
(que envolveu sobretudo a propagacdo de sujeitos, feita com regras) e (iii) aplicagdo final
de regras de validagcdo e detec¢do de inconsisténcias. Quase todo o processo foi semi-
automatico, utilizando regras que associam um padrao de busca a uma regra de anotagao,
sempre com revisao humana. Na propagacdo de sujeitos omitidos de verbos na forma
infinitiva, explicitamos argumentos apenas se estes fossem recuperaveis (frase 1). Em
caso de davida ou em caso de argumentos nao recuperdveis (frase 2), nada foi feito. Em
[Freitas 2024] estdo detalhados os procedimentos e regras utilizados.

1. O presidente centrista optou por garantir pela a primeira vez em anos que... (O
presidente garantiu)

2. Sao mecanicas que pressionam a entender que isso tem custo. (ndo é possivel
determinar quem entenderd)

A anotacdo de elementos implicitos levou a um outro tipo de desalinhamento entre
sintaxe e semantica. Na frase “A Folha pediu [contato com o general Mourdo] , para que
comentasse suas declaracdes, mas (...)”, o segmento “contato com o general Mourdao” é
Argl do verbo “pedir”’, mas apenas “general Mourao” € sujeito/Arg0 de “comentar’.

A validacdo final consistiu na aplicacdo de 4 regras (Figura 2), que buscavam
frases com condi¢des suspeitas. Foram encontrados 101 casos suspeitos, e apenas dois
deles (derivados da regra 4) eram falsos positivos. Todos os erros foram corrigidos ma-
nualmente. Diferentemente das regras utilizadas no processo de anotacdo, as regras de
validag¢ao podem ser aplicadas para a verificagao final de outros corpora com anotagao de
papéis semanticos. As regras de anotacdo, por sua vez, ndo foram criadas com o objetivo
de serem generalizdveis para outros corpora, mas de criar um material padrao ouro de
qualidade e no menor tempo possivel. No entanto, a elabora¢do de um anotador baseado
em regras, que aproveite estas regras e o corpus ja anotado, € algo bastante possivel.
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1. Um mesmo token que contenha dois ou mais argumentos diferentes que estejam associados a
um mesmo head. Esta regra garante que ndo hd um mesmo token com papéis diferentes com
relagdo ao mesmo verbo.

2. Dois tokens com exatamente a mesma etiqueta no que se refere a Args numerados. Esta regra
garante que um verbo ndo terd dois Argl associados a ele, por exemplo.

3. Nenhum token cujo deprel é root pode ter papel semantico.

4. Nio hd token dependente de ArgM-mod com anota¢do do tipo Argl . *xcomp na coluna 10.
Esta regra garante que todos os tokens anotados com ArgM-mod precisam ter um dependente
com anotacdo do tipo Argl.* na coluna 10.

Figura 2. Regras para deteccao de erros

A anotacao foi feita por uma tnica pessoa, por 7 meses, a partir das informagdes
contidas no Manual de anotacao do PropBank v2 e no Verbo-Brasil. A fim de avaliar a
qualidade da anotacao, foi feita uma concordancia inter-anotadores a posteriori, tomando
como base uma amostra com as 100 frases com a maior quantidade de argumentos anota-
dos no Propbank-BR v2, sobre o qual se baseiam as diretivas de anotacao e o Verbo-Brasil.
Essa amostra foi reanotada sintitica e semanticamente, e os resultados comparados. E
importante notar também que, embora tenhamos escolhido as 100 frases com a maior
quantidade de argumentos anotados, nem todos os verbos do PropBank-BR v2 tém seus
argumentos anotados, apenas aqueles mais frequentes no corpus. A comparagdo, medida
com o indice kappa, foi sobre 443 tokens anotados por ambas as anotagdes, e resultou
em uma convergéncia de .90 (como comparagdo, no Propbank original, e considerando
apenas a classificacdo de papéis incluindo Arg-M, o kappa foi de .93).

O processo de anotagdo dos frames dos verbos foi concomitante a anotacao dos
papéis semanticos. Uma vez que o foco da anotagdo PBP esteve na atribui¢do dos papéis
semanticos, o processo de atribuicdo de sentidos aos verbos nao foi exaustivo. Além de
ndo exaustiva, a anotacao privilegiou o alinhamento com verbos ndo monossémicos, uma
vez que a anotagdo de verbos monossémicos poderia ser feita (e foi) de forma automatica.

Apesar de ja dispor de um recurso como o Verbo-Brasil, um corpus novo sem-
pre traz novas formas verbais e novos sentidos para verbos ja descritos. Para os sentidos
(ainda) sem frames, foi feita uma busca por um verbo similar no Verbo-Brasil, e a solucdo
foi indicada em um documento para posterior aprimoramento do Verbo-Brasil. Ao fi-
nal do processo, foram documentados cerca de 350 sentidos de verbos sem frames, com
exemplos do corpus e solugdes provisdrias em boa parte deles. A anotacao de frames
monossémicos foi feita de maneira automatica para os casos de verbos monossémicos (ou
seja, que s6 dispunham de um frame). Este procedimento levou a inclusao de mais de 500
frames no PBP.

A relacdo estreita entre anotagdo sintatica e anotacdo de papéis semanticos, por
um lado, e as interferéncias da anotacdo sintiatica UD, por outro, levaram a criacdo de
diferentes versdes do corpus, e com isso também criamos condi¢des para investigar o
papel de diferentes representacdes linguisticas no aprendizado de SRL. Cada uma das
versoes € gerada automaticamente a partir de uma versao base.

1. PBP na versao UD: Esta versdo se caracteriza pela atribuicdo de papéis
semanticos apenas aos elementos considerados verbos plenos na UD. Em con-
sequéncia: (i) ndo foram anotados os papéis de argumentos do verbo “ser”; (ii)
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foram anotados os papéis de argumentos de verbos considerados plenos pela UD,
mas considerados auxiliares no Verbo-Brasil. No entanto, para diferencia-los dos
demais argumentos, receberam a etiqueta Argl_d e Arg0_d. Se desejivel, ambas
as etiquetas podem ser substituidas por Argl e Arg0, respectivamente.

2. PBP na versao classica: Esta versdo prioriza o conceito de proposicdo, e se carac-
teriza pela atribui¢do de papéis conforme o modelo PropBank, independentemente
do que foi considerado verbo pleno pela UD. Em consequéncia: (1) foram anota-
dos os papéis de argumentos do verbo “ser”; (i1) ndo foram anotados os papéis de
argumentos de verbos que, apesar de considerados plenos na UD, sdo considera-
dos auxiliares no Verbo-Brasil e na documentacio [Duran and Freitas 2024]; e iii)
foram anotados como modificadores auxiliares os verbos que, apesar de conside-
rados plenos pela anotacdo UD, sdo considerados auxiliares no PBP (ArgM-mod,
ArgM-asp), além daqueles considerados sempre auxiliares (ArgM-tml; ArgM-
pas), seguindo a decisdo do PropBank-BR v2 [Duran 2014].

5. Resultados e conclusoes

Foram anotados 45.813 argumentos verbais e 13.395 instancias verbais contém anotac¢ao
de frames, distribuidos em quase 1.018 frames distintos (60,8% dos verbos possui
anotacdo de frame). As versdes anteriores do PropBank-BR continham cerca de 7 mil
argumentos anotados. A Figura 3 apresenta a distribuicdo dos argumentos por fungao
sintdtica e a Figura 4 traz, com mais detalhes, os papéis semanticos mais frequentes para
cada relacdo sintatica (deprel). Todos os nimeros se referem a versao classica, alinhada a
versao 1.0 do treebank Porttinari-base.

Vemos que a associacdo mais frequente € entre obj e Argl, com 92,03%, seguida
da associacao entre nsubj e Arg0, com 63,49%. O artigo de [Palmer et al. 2005] traz o
mesmo tipo de andlise para o PropBank original. No entanto, uma vez que cada gramatica
recorta e define os elementos que lhes parecem relevantes, € necessdrio algum cuidado
nessa comparacdao. O elemento sentencial/oracional S, presente no PropBank original
(derivado da anotac@o do Penn Treebank), ndo existe em UD, e estd distribuido entre
alguns casos de xcomp e de ccomp, por exemplo.

De forma geral, analisando os dados do PBP, extraimos as seguintes informagoes:
(a) Argl se distribui principalmente entre as relagdes obj, nsubj, obl, xcomp e ccomp;
(b) Arg0 se concentra em nsubj; (c) Arg2 se distribui principalmente entre obl e xcomp;
(d) ArgM-tmp e ArgM-mnr se distribuem entre obl, advmod e advcl; (e) ArgM-loc se
concentra em obl. Com a perspectiva da sintaxe: (a) obj participa de Argl e parece ser a
generalizagdo mais facil: “se € um obj, entdo é Argl”; (b) xcomp participa igualmente de
Argl e Arg2; (c) obl participa de Arg2, Argl, tempo, modo e local; (d) advmod participa
de neg, adv, tempo, dis e modo; (e) advcl participa de tempo, finalidade, modo e Arg?2.

Os dados apontam para uma regularidade entre fungdes sintaticas e papéis nume-
rados — especificamente, papéis Arg0 e Argl. Os demais argumentos numerados, com
baixa frequéncia, sdo de mais dificil generalizacdo. Estas constata¢des convergem com
resultados para o inglés, que verificam que a anotacdo ao estilo PropBank captura me-
lhor regularidades sintéticas, sobretudo para argumentos de frequéncia alta, em oposi¢ao
ao estilo VerbNet de anotag@o de papéis semanticos [Merlo and Van Der Plas 2009]. Li-
dos de outra forma, embora o objetivo de um PropBank seja muitas vezes servir como
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Figura 3. Distribuicao de papéis semanticos por relacao sintatica

Deprel Total de Papeis semanticos mais frequentes (%)
ocorr
NSUBJ 12038 Arg0 g3,45 Argl 3579 Arg2 52 Argd 17 Mnr Q02
OBL 6342 Arg2 3143 Argl 1529 Argd 131 Argd 442 Tmp 2670 loc | 20,07 Mnr 1189 Cau 3,63 Src 3,26 Dis 2,49
OBl 7562 Argl 9203 Argd 226 Arg2  as4 Arg3  p40 Ext 0,21 Nse 016 Tmp 0,07
ADVMOD 3693 Neg 29,62 Adv 20,15 Tmp 1552 Dis 1045 Mnr 933 Ext 5,58 Loc 4,32 Argz 217 Argl 1,11 Argd 0,30
Xcompe 1790 Argl 4520 Arg2 4592 Arg3 (28 Mnr 45 Cau 0,89
ADVCL 2303 Tmp 20,41 Prp 16,93 Mnr 12,77 Arg2 12,85 Cau 5,38 Cond 6,82 Prd 582 Adv 5,08

Figura 4. Papéis semanticos mais frequentes para cada relacao sintatica

material de treino para IA, a forma de codificar os papéis talvez seja mais indicada (ou
também seja indicada) para um anotador baseado em regras e que considere sintaxe. De
fato, [Palmer et al. 2005] relatam que um anotador simples baseado em regras tem de-
sempenho de 83%, sendo 85% o estado-da-arte em ingl€s, considerando cendrios dificeis
de avaliacdo, com verbos nao vistos na fase de treino [Wang et al. 2022].

Apesar de raros, estudos sobre a capacidade de generalizacdo da anotagdo ao
estilo PropBank tém mostrado que, quando comparada a anotacdo ao estilo VerbNet,
a anotacdo PropBank leva a resultados inferiores no que se refere a argumentos Arg2
a Arg5 e, em termos gerais, os bons resultados obtidos com a anotagao PropBank se
referem aos argumentos mais frequentes [Merlo and Van Der Plas 2009, Yi et al. 2007,
Gung and Palmer 2021, Li et al. 2023]. No entanto, todos os estudos foram feitos para
a lingua inglesa, e apenas a disponibiliza¢do de recursos similares para o portugués nos
permitiria verificar os resultados para a nossa lingua.

Por fim, a criagdao de duas versdes (UD e Cldssica) também permite comparar a
anotacdo PBP com outros PropBanks que tenham seguido mais fielmente a anotacido UD.
As diferentes versdes do corpus, bem como documentacio linguistica detalhada e regras
de anotacdo utilizadas, estdo publicas no portal web do projeto POeTiSA>.

Agradecimentos

Este trabalho foi realizado no ambito do Centro de Inteligéncia Artificial da Universidade
de Sdo Paulo (C4AI*), com o apoio da Fundacdo de Amparo a Pesquisa do Estado de Sdo
Paulo (processo FAPESP #2019/07665-4) e da IBM. Este projeto também foi apoiado
pelo Ministério da Ciéncia, Tecnologia e Inovacdes, com recursos da Lei N. 8.248, de 23
de outubro de 1991, no ambito do PPI-Softex, coordenado pela Softex e publicado como
Residéncia em TIC 13, DOU 01245.010222/2022-44. Os autores agradecem também a
Elvis de Souza pela preparacdo dos arquivos para disponibilizagao.

https://sites.google.com/icmc.usp.br/poetisa/resources—and-tools
‘http://cdai.inova.usp.br/

72



Referéncias

Bick, E. (2007). Automatic semantic role annotation for portuguese. In Proceedings
of TIL 2007 - 5th Workshop on Information and Human Language Technology, pages
1713-1716, Rio de Janeiro. Sociedade Brasileira de Computacao (SBC).

Branco, A., Carvalheiro, C., Pereira, S., Silveira, S., Silva, J., Castro, S., and Graga, J.
(2012). A PropBank for Portuguese: the CINTIL-PropBank. In Calzolari, N., Choukri,
K., Declerck, T., Dogan, M. U., Maegaard, B., Mariani, J., Moreno, A., Odijk, J., and
Piperidis, S., editors, Proceedings of the Eighth International Conference on Language
Resources and Evaluation (LREC’12), pages 1516—-1521, Istanbul, Turkey. European
Language Resources Association (ELRA).

de Marneffe, M.-C., Manning, C. D., Nivre, J., and Zeman, D. (2021). Universal Depen-
dencies. Computational linguistics, 47(2):255-308.

de Souza, E. and Freitas, C. (2021). ET: A workstation for querying, editing and evalua-
ting annotated corpora. In Proceedings of the 2021 Conference on Empirical Methods
in Natural Language Processing: System Demonstrations, pages 35—41, Online and
Punta Cana, Dominican Republic. Association for Computational Linguistics.

Dong, X. L. (2023). Generations of knowledge graphs: The crazy ideas and the business
impact. Proc. VLDB Endow., 16(12):4130-4137.

Duran, M., Lopes, L., das Gracas Nunes, M., and Pardo, T. (2023). The dawn of the
porttinari multigenre treebank: Introducing its journalistic portion. In Anais do XIV

Simposio Brasileiro de Tecnologia da Informacdo e da Linguagem Humana, pages
115-124, Porto Alegre, RS, Brasil. SBC.

Duran, M. S. (2014). Manual de anotacdo do PropBank-Br v2. Technical report, ICMC-
USP.

Duran, M. S. and Aluisio, S. M. (2011). Propbank-br: a Brazilian Portuguese corpus
annotated with semantic role labels. In Proceedings of the 8th Brazilian Symposium in
Information and Human Language Technology.

Duran, M. S. and Freitas, C. (2024). Guia de anotacdo de papéis semanticos seguindo o
modelo PropBank no corpus Porttinari-base. (no prelo). Technical report, ICMC-USP.

Duran, M. S., Torres, L. S., Viviani, M. C., Hartmann, N., and Aluisio, S. M. (2014).
Selecdo e preparacdao de sentencas do corpus PLN-BR para compor o corpus de
anotacdo de papéis semanticos Propbank-Br.v2. Technical report, Nucleo Interinsti-
tucional de Linguistica Computacional.

Evans, R. and Orasan, C. (2019). Sentence simplification for semantic role labelling
and information extraction. In Mitkov, R. and Angelova, G., editors, Proceedings
of the International Conference on Recent Advances in Natural Language Processing
(RANLP 2019), pages 285-294, Varna, Bulgaria. INCOMA Litd.

Freitas, C. (2023). Dataset e corpus. In Caseli, H. and Volpe Nunes, M. d. G., editors,
Processamento de Linguagem Natural: conceitos, técnicas e aplicagoes em Portugués,
pages 1-37. BPLN.

Freitas, C. (2024). Anotacdo de papéis semanticos no corpus Porttinari-base: Procedi-
mentos, resultados e andlise. (no prelo). Technical report, [CMC-USP.

73



Freitas, C., Souza, E., Castro, M. C., Cavalcanti, T., Ferreira da Silva, P., and Corréa Cor-
deiro, F. (2023). Recursos linguisticos para o PLN especifico de dominio: o Petrolés.
Linguamadtica, 15(2):51-68.

Gung, J. and Palmer, M. (2021). Predicate representations and polysemy in VerbNet
semantic parsing. In ZarrieB3, S., Bos, J., van Noord, R., and Abzianidze, L., edi-
tors, Proceedings of the 14th International Conference on Computational Semantics
(IWCS), pages 51-62, Groningen, The Netherlands (online). Association for Compu-
tational Linguistics.

Han, H. and Choi, J. (2020). Establishing strong baselines for the new decade: Sequence
tagging, syntactic and semantic parsing with bert. In Proceedings of the Thirty-Third
International Florida Artificial Intelligence Research Society Conference (FLAIRS
2020).

Hartmann, N. S., Duran, M. S., and Aluisio, S. M. (2016). Automatic semantic role
labeling on non-revised syntactic trees of journalistic texts. In Silva, J., Ribeiro, R.,
Quaresma, P., Adami, A., and Branco, A., editors, Computational Processing of the
Portuguese Language, pages 202-212, Cham. Springer International Publishing.

Levin, B. (1993). English Verb Classes and Alternations: a preliminary investigation.
The University of Chicago Press, London.

Levin, B. and Rappaport Hovav, M. (2005). Argument Realization. Cambridge University
Pres, Cambridge.

Li, T., Kazeminejad, G., Brown, S., Srikumar, V., and Palmer, M. (2023). Learning
semantic role labeling from compatible label sequences. In Bouamor, H., Pino, J., and
Bali, K., editors, Findings of the Association for Computational Linguistics: EMNLP
2023, pages 15561-15572, Singapore. Association for Computational Linguistics.

Merlo, P. and Van Der Plas, L. (2009). Abstraction and generalisation in semantic role
labels: PropBank, VerbNet or both? In Su, K.-Y., Su, J., Wiebe, J., and Li, H., editors,
Proceedings of the Joint Conference of the 47th Annual Meeting of the ACL and the 4th
International Joint Conference on Natural Language Processing of the AFNLP, pages
288-296, Suntec, Singapore. Association for Computational Linguistics.

Mohebbi, M., Razavi, S. N., and Balafar, M. A. (2022). Computing semantic similarity of
texts based on deep graph learning with ability to use semantic role label information.
Scientific Reports, 12(1).

Palmer, M., Gildea, D., and Kingsbury, P. (2005). The proposition bank: An annotated
corpus of semantic roles. Computational linguistics, 31(1):71-106.

Pardo, T., Duran, M., Lopes, L., Felippo, A., Roman, N., and Nunes, M. (2021). Porttinari
- a large multi-genre treebank for brazilian portuguese. In Anais do XIII Simpdsio

Brasileiro de Tecnologia da Informacdo e da Linguagem Humana, pages 1-10, Porto
Alegre, RS, Brasil. SBC.

Rodrigues, J., Gomes, L., Silva, J., Branco, A., Santos, R., Cardoso, H. L., and Osdério,
T. (2023). Advancing neural encoding of portuguese with transformer albertina pt-*.
In Moniz, N., Vale, Z., Cascalho, J., Silva, C., and Sebastido, R., editors, Progress in
Artificial Intelligence, pages 441-453, Cham. Springer Nature Switzerland.

74



Sanches Duran, M. and Aluisio, S. (2015). Automatic generation of a lexical resource to
support semantic role labeling in Portuguese. In Palmer, M., Boleda, G., and Rosso,
P., editors, Proceedings of the Fourth Joint Conference on Lexical and Computational
Semantics, pages 216-221, Denver, Colorado. Association for Computational Linguis-
tics.

Tenney, 1., Das, D., and Pavlick, E. (2019a). BERT rediscovers the classical NLP pipeline.
In Korhonen, A., Traum, D., and Marquez, L., editors, Proceedings of the 57th Annual
Meeting of the Association for Computational Linguistics, pages 4593—-4601, Florence,
Italy. Association for Computational Linguistics.

Tenney, ., Xia, P., Chen, B., Wang, A., Poliak, A., McCoy, R. T., Kim, N., Durme, B. V.,
Bowman, S. R., Das, D., and Pavlick, E. (2019b). What do you learn from context?
probing for sentence structure in contextualized word representations. In International
Conference on Learning Representations.

Wallis, S. (2003). Completing parsed corpora: From correction to evolution. In Abeillé,
A., editor, Treebanks: Building and Using Parsed Corpora, pages 61-71. Springer
Netherlands, Dordrecht.

Wang, N., Li, J., Meng, Y., Sun, X., Qiu, H., Wang, Z., Wang, G., and He, J. (2022).
An MRC framework for semantic role labeling. In Calzolari, N., Huang, C.-R., Kim,
H., Pustejovsky, J., Wanner, L., Choi, K.-S., Ryu, P.-M., Chen, H.-H., Donatelli, L.,
Ji, H., Kurohashi, S., Paggio, P, Xue, N., Kim, S., Hahm, Y., He, Z., Lee, T. K.,
Santus, E., Bond, F.,, and Na, S.-H., editors, Proceedings of the 29th International
Conference on Computational Linguistics, pages 2188-2198, Gyeongju, Republic of
Korea. International Committee on Computational Linguistics.

Yi, S.-t., Loper, E., and Palmer, M. (2007). Can semantic roles generalize across gen-
res? In Sidner, C., Schultz, T., Stone, M., and Zhai, C., editors, Human Language
Technologies 2007: The Conference of the North American Chapter of the Association
for Computational Linguistics; Proceedings of the Main Conference, pages 548-555,
Rochester, New York. Association for Computational Linguistics.

75



LLMs as Tools for Evaluating Textual Coherence:
A Comparative Analysis

Bryan K. S. Barbosa!, Claudio E. C. Campelo'

1Systems and Computing Department
Federal University Campina Grande (UFCG) — Campina Grande, PB — Brazil

bryankhelven@ieee.org, campelo@dsc.ufcg.edu.br

Abstract. This study evaluate recent Large Language Models (LLMs), such as
GPT-40, GPT-3.5, Claude Opus, and LLaMA 2, for their ability to analyze tex-
tual coherence. The research focuses on three areas: local coherence, where
models like GPT-40 and Claude Opus excel; global coherence, where Claude
Opus is most effective; and incoherence detection, where GPT-40 demonstrates
strong performance. These findings reveal both the capabilities and areas for
improvement in current models, shedding light on their potential applications in
natural language processing, paving the way for improvements in the field.

Resumo. Este estudo avalia o desempenho de Grandes Modelos de Lingua
(LLMs) recentes, como GPT-40, GPT-3.5, Claude Opus e LLaMA 2, na
andlise automdtica de coeréncia textual. A pesquisa foca em trés aspec-
tos: coeréncia local, onde GPT-40 e o Claude Opus se destacam; coeréncia
global, na qual Claude Opus é o mais eficaz; e deteccdo de incoeréncias, onde
GPT-40 apresenta melhor desempenho. Esses resultados revelam as capaci-
dades e limitacoes dos modelos atuais, contribuindo para o entendimento de
suas aplicagées no ambito do Processamento de Linguas Naturais e trazendo
avangos continuos a drea.

1. Introduction

The concept of coherence lies at the very heart of effective communication, serving as a
keystone element that determines the clarity, understandability, and overall quality of tex-
tual content [Koch and Travaglia 2003]. Coherence transcends the boundaries of syntax
or grammar; it embodies the logical flow of ideas, ensuring that a text is not just a col-
lection of sentences but a unified whole that conveys meaning with precision and subtlety
[Freitas 2013]. As we move deeper into the digital age, where written text interactions
are increasingly prevalent [Hoey 2013], the capacity to automatically analyze textual co-
herence became a crucial task within the realm of Natural Language Processing (NLP).

The advent of Large Language Models (LLMs) such as GPT-3, Llama, and Gem-
ini has revolutionized our approach to generating text that mirrors the nuance and depth of
human-written content. These models, trained on extensive corpora, have demonstrated
an impressive ability to produce coherent and contextually relevant text across a wide
range of topics. This proficiency in text generation naturally extends to the potential for
these models to excel in tasks related to textual analysis. The underlying hypothesis is
simple yet profound: if an LLM can generate coherent text, it should, by extension, pos-
sess a refined ability to discern coherence — or the lack thereof — in existing texts.
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In the field of computational linguistics, textual coherence is defined by the logical
and orderly sequence in which ideas are presented within a text, ensuring that information
and arguments are conveyed in a comprehensible and fluid manner [Seno and Rino 2005].
This involves not only the superficial connection between sentences through discourse
markers or transition words but also a deeper harmony in terms of theme, purpose, and
shared knowledge between the author and the reader [Charolles 1978]. For NLP system:s,
assessing the coherence of a text implies understanding how its constituent parts — whether
at the sentence, paragraph, or document level — come together to form a unified whole
that is logically consistent and aesthetically pleasing [Jurafsky and Martin 2024]. This
definition highlights the complexity of the textual coherence analysis task, underscoring
it as a significant challenge within the field.

Historically, coherence has been conceptualized through various theoretical
frameworks. Rhetorical Structure Theory (RST) [Mann and Thompson 1987] posits that
text coherence is derived from the hierarchical organization of text units, while Centering
Theory [Grosz et al. 1995] emphasizes the role of discourse entities and their continu-
ity across sentences. Over time, computational approaches to coherence have evolved
from rule-based systems, relying on explicit coherence markers and structural patterns,
to sophisticated machine learning algorithms that infer coherence implicitly from large
datasets [Jurafsky and Martin 2024]. The development of neural network-based models,
particularly those employing attention mechanisms such as BERT [Devlin et al. 2018],
has marked a significant advancement, enabling a deeper understanding of contextual re-
lationships within texts.

Given this context, the primary objective of this study is to evaluate the capabilities
of various LLMs in the analysis of textual coherence. Specifically, the study assesses
how the models GPT 3.5, GPT 4, GPT 4o, Claude 3 Opus, Claude 3.5 Sonnet, Claude
3 Haiku, Gemini, LLaMA 2 13b, LLaMA 2 7b, and Bard perform in three key tasks:
classifying texts as (i) locally or (ii) globally coherent or incoherent, and (iii) identifying
specific incoherent segments within texts. By examining these aspects, the study aims
to contribute to the ongoing dialogue on improving NLP technologies and advancing our
understanding of how machines process and understand the subtleties of human language.

The remainder of this article is structured as follows: Section 2 reviews key the-
ories and models in textual coherence analysis. Section 3 presents the relevant literature,
while Section 4 details the methodology, including the models evaluated and the metrics
used. Section 5 discusses the results and their implications, and Section 6 concludes with
a summary of findings and suggestions for future research.

2. Theoretical Background

Textual cohesion and coherence are fundamental to discourse analysis and NLP, as they
explain how texts are structured and interpreted. Cohesion refers to the connections within
a text created through various linguistic relations, such as pronouns, conjunctions, and
lexical ties, ensuring that the text is perceived as a unified whole rather than a random
collection of sentences [Halliday and Hasan 1976]. Coherence, on the other hand, is a
more abstract concept, referring to the logical and meaningful organization of ideas within
a text, allowing readers to follow the flow of information and understand the intended
message [Van Dijk 1977].
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Cohesion can be achieved through grammatical and lexical means. Grammatical
cohesion includes the use of pronouns, ellipses, and conjunctions to link sentences, while
lexical cohesion involves the repetition of words or the use of synonyms to maintain
the continuity of ideas. However, a text can be cohesive without being coherent if the
sentences do not contribute to a meaningful whole [Koch and Travaglia 2003].

Coherence can be examined at two levels: local and global. Local coherence
refers to the logical connections between adjacent sentences and paragraphs, ensuring
that each idea flows smoothly into the next. This is often achieved through cohesive
devices, such as pronouns and conjunctions, which help maintain continuity in meaning.
Global coherence, on the other hand, concerns the overall structure and unity of the text,
where all parts contribute to a consistent and meaningful whole [Charolles 1978]. Both
levels of coherence are essential for a text to be understood as a cohesive and logically
organized entity.

Theoretical frameworks like RST and Centering Theory have been foundational
in the study of coherence. For instance, RST [Mann and Thompson 1987] analyzes
the hierarchical organization of text by examining the relationships between different
segments, which help to structure the text in a coherent manner. Centering Theory
[Grosz et al. 1995] focuses on how discourse entities are managed across sentences, en-
suring that the reader can follow the progression of ideas smoothly. These models have
significantly influenced NLP research, particularly in the analysis and generation of co-
herent texts, offering insights into the mechanisms that make a text understandable and
logically connected [Jurafsky and Martin 2024].

3. Related Work

As a central area of investigation in NLP, textual coherence, particularly in the con-
text of local coherence, which focuses on the logical and sequential flow between
adjacent sentences or paragraphs, has been extensively studied through models like
the entity grid. Introduced by [Lapata and Barzilay 2005] and further developed by
[Barzilay and Lapata 2008], the entity grid model abstracts a text into a grid that cap-
tures the distribution and transitions of discourse entities across sentences. By analyzing
these patterns, the model can effectively infer the level of local coherence within a text.
This approach has been widely adopted and has inspired numerous subsequent studies.
For instance, [Elsner et al. 2007] enhanced coherence assessment by integrating the en-
tity grid with a content model, while [Lin et al. 2011] refined the method by incorporating
discourse relations, further advancing the field’s understanding of how sentences connect
and maintain coherence.

The shuffle test, introduced by [Barzilay and Lapata 2008], has become a stan-
dard method for evaluating local coherence models. This test involves comparing the
coherence of a text in its original order versus a shuffled version, challenging models to
recognize the coherent sequence. Studies like those by [Lin et al. 2011] and [Dias 2016]
have used this test to validate the effectiveness of their models, highlighting its importance
as a benchmark in coherence evaluation.

In contrast, global coherence, which concerns the overall unity and thematic con-
sistency of a text, has received less attention but remains a key aspect for understanding
how texts function as a whole. Early work by [Thompson 1986] emphasized the role of
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global coherence in enhancing readability and comprehension, arguing that a coherent
text allows readers to follow the central theme or argument effortlessly. More recent con-
tributions by [Sagi 2010] have explored the hierarchical structure of texts, demonstrating
how well-organized discourse contributes to global coherence.

Recent advancements in NLP have introduced BERT and LLMs like GPT-3,
which have significantly expanded the possibilities for coherence analysis. These models,
trained on extensive datasets, exhibit a remarkable ability to capture both local and global
coherence, leading to more refined and human-like assessments of textual structure. For
example, [Braz Junior and Fileto 2021] applied BERT, specifically BERTimbau, in edu-
cational forums to measure coherence. By analyzing sentence embeddings, the model
effectively assessed sentence order, accurately distinguishing between coherent and per-
muted texts, thus demonstrating its capability to capture nuanced textual relationships.
Similarly, [Naismith et al. 2023] utilized GPT-4 for coherence assessment in educational
contexts, where the model not only rated coherence but also provided explanatory ra-
tionales that closely aligned with human evaluations. This study demonstrated GPT-4’s
effectiveness in replicating human judgments and even surpassing traditional NLP metrics
by offering rationale-supported evaluations, thereby highlighting its potential to enhance
automated discourse coherence assessment and its applications in educational settings.

4. Methodology

The primary aim of this study is to analyze and compare the performance of various LLMs
in evaluating textual coherence across different aspects using two distinct approaches: (i)
through LLLMs APIs and (i1) through LLMs chat interfaces To achieve this, we selected
a diverse set of corpora for their relevance and variety in text types, which allows for a
thorough assessment of the models’ capabilities across different linguistic contexts. These
datasets were preprocessed and, annotated as necessary to ensure consistency across the
tasks.

One of the four corpora utilized in this study is the Corpus of Contemporary Amer-
ican English (COCA) [Davies 2008], which offers a balanced compilation of over one bil-
lion words across genres such as spoken language, fiction, academic texts, and web pages.
For our analysis, we focused on the free portions of blog and academic sections of COCA,
which together comprise a diverse range of coherence levels. The blog section, with 991
texts, is characterized by its informal and subjective nature, often exhibiting lower co-
herence, while the academic section, consisting of 256 texts, is known for its structured
and precise language, typically demonstrating higher coherence. These sections were
employed in both local and global coherence tasks, with specific subsets annotated for
detailed global coherence analysis and incoherence identification.

The study also incorporates the CST News Corpus [Aleixo and Pardo 2008],
which consists of 50 collections of Brazilian Portuguese news articles, each centered on
a specific event or topic. Originally developed to support research on multi-document
summarization, the corpus includes approximately 150 news articles and 300 human-
generated summaries from various newspapers, such as Folha de Sao Paulo, Estaddo, and
O Globo. This diversity in sources makes the corpus particularly well-suited for coher-
ence studies, as it allows for evaluating both local and global coherence in a multilingual
context. The CST News Corpus was especially valuable for assessing model performance
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in Brazilian Portuguese, adding a multilingual dimension to our evaluations.

Another key corpus in this research is the Grammarly Corpus of Discourse Coher-
ence (GCDC) [Lai and Tetreault 2018], which contains 4,800 texts from four real-world
sources: Yahoo Answers, Clinton Emails, Enron Emails, and Yelp Reviews. Due to its
context-dependent structure, the Yahoo Answers portion (1,200 texts) was excluded from
our study. The Clinton Emails provide a mix of professional and personal correspon-
dence, Enron Emails focus on formal business communication, and Yelp Reviews feature
user-generated feedback on businesses. Each text is annotated for global coherence on
a 3-point scale (low, medium, high), with 8,000 ratings from both expert and non-expert
annotators via Amazon Mechanical Turk. These pre-existing annotations were used for
comparing the models’ performance against human judgments, enhancing our evaluation
of global coherence tasks.

Lastly, the DDisCo corpus [Mikkelsen et al. 2022] was developed to fill a gap in
resources for studying discourse coherence in Danish. It comprises 1,002 texts from two
main sources: Reddit and Danish Wikipedia. The Reddit texts, totaling 501, consist of
informal user-generated content, while the 501 Danish Wikipedia texts offer more formal,
structured information. Each text is annotated for global coherence on a 3-point scale
(low, medium, high) by linguistics experts. This corpus introduces linguistic diversity into
our research, allowing us to evaluate model performance in another non-English context.
It was particularly useful for assessing how well the models generalize across different
languages and discourse structures.

4.1. Local Coherence Analysis

The local coherence analysis in this study employed the shuffle test, which evaluates text
coherence by comparing the original order of sentences within each text to randomly
shuffled version. This test was applied to texts from four corpora: COCA, CST News,
GCDC, and DDisCo. A total of 2,318 texts were selected, comprising 991 blog texts
and 256 academic texts from COCA, 251 news articles from CST News, 842 texts from
GCDC, and 991 texts from DDisCo. Each text was segmented into sentences, and those
containing fewer than four sentences were excluded as they would not allow for the 20
required permutations. The remaining texts were shuffled 20 times, generating 46,360
incoherent versions, resulting in a dataset of 48,678 texts for analysis.

The models’ performance was evaluated using two distinct methods: (i) via LLMs
APIs and (ii) through LLMs chat interfaces. In the API-based evaluation, texts were
processed directly through automated API calls, streamlining the evaluation process. In
contrast, the chat interface evaluation simulated real-world usage by submitting the texts
through interactive prompts.

For both approaches, the models were provided with a standardized prompt
for Local Coherence Analysis' to guide them in distinguishing between coherent and
incoherent texts. Performance was measured using accuracy, precision, recall, and
F1-score, comparing the models’ classifications against the original text labels.

! https://github.com/bryankhelven/coherence-findings
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4.2. Global Coherence Analysis

The global coherence analysis in this study aimed to evaluate the ability of various LLMs
to assess the overall logical consistency and thematic organization of texts across a to-
tal of 2,142 texts. This analysis included 1,200 texts from the DDisCo Corpus and 842
texts from the GCDC Corpus, both of which already contained human annotations. Ad-
ditionally, a new annotation phase was conducted for a subset of 100 texts from the
COCA and CST News corpora, as these lacked pre-existing coherence labels. Three lan-
guages/linguistics experts evaluated this subset, which consisted of 10 academic texts and
60 blog texts from COCA, along with 30 news articles from CST News. For consistency,
each text in this study was assigned a coherence score on a Likert scale ranging from low
to high coherence (1 to 3), using the same scale previously adopted for assigning scores
by the works of [Lai and Tetreault 2018] and [Mikkelsen et al. 2022]. This ensured that
the evaluation of global coherence was standardized across the various corpora used in
this analysis.

Following the annotation process, the study assessed the models’ performance in
global coherence tasks using two methods: (1) LLMs APIs for an automated process, and
(i1) LLMs chat interfaces to simulate real-world, user-driven interactions. A total of 2,142
texts were used for this analysis, comprising the 100 manually annotated texts, 1,200 texts
from the DDisCo corpus, and 842 texts from the GCDC corpus. Both methods utilized
a standardized prompt for Global Coherence Analysis? to guide the models in assessing
global coherence. The evaluation metrics were consistent with those used in the local
coherence analysis, but in this case, the models’ classifications were compared directly to
the original human annotations (scores of 1, 2, or 3).

4.3. Incoherence Identification

The incoherence identification task evaluated the ability of various LLMs to detect seg-
ments within texts that disrupt logical flow. We used 130 texts for this task, includ-
ing 100 texts previously annotated for global coherence (10 academic texts and 60 blog
texts from COCA, 30 news articles from CST News) and an additional 30 texts from
the GCDC corpus (10 each from Yelp, Clinton, and Enron). The same three annotators
from the global coherence task identified incoherent segments, focusing on the categories
of Incorrect Use of Logical Connectors, Unnecessary Repetition, Irrelevant Information,
Contradictions, Sequence of Events, and Inconsistent Verb Tenses. Fleiss’ Kappa, which
scored 0.8326 and indicated excellent agreement, was chosen for its capacity to account
for chance agreement among multiple annotators across various incoherence types. Each
annotated segment was treated as a unit, ensuring robust reliability.

The annotators, familiar with each other, communicated freely to resolve difficul-
ties, following a shared understanding of coherence from [Koch and Travaglia 2003]. The
models’ performance was evaluated using the same two methods as before — LLMs APIs
and chat interfaces. However, in this task, each model was treated as an additional anno-
tator. The agreement between model-generated annotations and human annotations was
measured using Fleiss’ Kappa to determine how closely the models aligned with human
judgment. The prompt for incoherence identification® was also standardized and used
across all models in this task.

2 Available on GitHub (see first footnote).
3.
“Ibid.
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5. Results and Discussion

The results obtained during the execution of the analysis are summarized in Tables 1,
2, and 3, highlighting the performance of various models in both API and chat-based
interactions.

Table 1. Performance Metrics for Local Coherence Classification

API Chat

Model Acc Pr Re F1 Acc Pr Re F1

Bard 0.756 | 0.755 | 0.740 | 0.748 | 0.739 | 0.742 | 0.739 | 0.740
Claude 3 Haiku 0.914 | 0906 | 0.898 | 0.902 | 0.949 | 0.902 | 0.899 | 0.900
Claude 3 Opus 0.979 | 0.991 | 0983 | 0.987 | 0.974 | 0971 | 0.973 | 0.972
Claude 3.5 Sonnet | 0.973 | 0.986 | 0.981 | 0.983 | 0.972 | 0.969 | 0.968 | 0.968
Gemini 0.978 | 0.989 | 0.980 | 0.985 | 0.971 | 0.971 | 0.970 | 0.970
GPT 3.5 0.918 | 0.908 | 0.901 | 0.905 | 0.962 | 0.905 | 0.902 | 0.903
GPT 4 0.970 | 0.982 | 0.980 | 0.981 | 0.969 | 0.966 | 0.965 | 0.965
GPT 40 0.982 | 0.990 | 0.988 | 0.989 | 0.977 | 0.975 | 0.973 | 0.974
LLaMA 2 13b 0.831 | 0.825 | 0.816 | 0.820 | 0.888 | 0.821 | 0.818 | 0.819
LLaMA 2 7b 0.817 | 0.804 | 0.797 | 0.800 | 0.805 | 0.801 | 0.798 | 0.799

Table 2. Performance Metrics for Global Coherence Classification

API Chat

Model Acc Pr Re F1 Acc Pr Re F1

Claude 3 Haiku 0.959 | 0918 | 0921 | 0.920 | 0911 | 0.871 | 0.875 | 0.875
Claude 3 Opus 0.982 | 0.986 | 0.987 | 0.986 | 0.933 | 0.936 | 0.939 | 0.937
Claude 3.5 Sonnet | 0.980 | 0.984 | 0.982 | 0.983 | 0.930 | 0.934 | 0.931 | 0.932
Gemini 0.976 | 0.963 | 0.966 | 0.965 | 0.928 | 0915 | 0.918 | 0.916
GPT 3.5 0.960 | 0.920 | 0.923 | 0.921 | 0912 | 0.873 | 0.879 | 0.877
GPT 4 0.974 | 0961 | 0.964 | 0.963 | 0.926 | 0.914 | 0919 | 0917
GPT 4o 0.978 | 0965 | 0.968 | 0.967 | 0.930 | 0.918 | 0.920 | 0.919
LLaMA 2 13b 0.970 | 0.930 | 0933 | 0.932 | 0.922 | 0.887 | 0.883 | 0.888
LLaMA 27b 0.968 | 0.928 | 0.931 | 0.930 | 0.920 | 0.881 | 0.884 | 0.883

Table 3. Fleiss’ Kappa for Incoherence ldentification

Model API Chat

Annotators only (baseline) | 0.8326 | 0.8326
Claude 3 Haiku 0.7995 | 0.7653
Claude 3 Opus 0.8166 | 0.7987
Claude 3.5 Sonnet 0.8279 | 0.8082
Gemini 0.8119 | 0.7858
GPT 3.5 0.8038 | 0.7716
GPT 4 0.8152 | 0.8093
GPT 4o 0.8316 | 0.8234
LLaMA 2 13b 0.6787 | 0.6492
LLaMA 2 7b 0.5823 | 0.5418

Table 1 shows the performance metrics for Local Coherence Classification, with
GPT 4o achieving the highest scores in both API and chat interactions. Claude 3 Opus and
Claude 3.5 Sonnet also performed well, especially in the API interaction, which demon-
strates their effectiveness in accurately identifying coherent texts. In contrast, LLaMA 2
13b and LLaMA 2 7b had similar lower performance on both scenarios, suggesting lim-
itations in processing and classifying local coherence. Similarty, for Global Coherence
Classification, GPT 40 and Claude 3 Opus stood out with the highest performance in both
interaction modes, while Claude 3 Haiku had the lowest as shown in Table 2.

The results for the Incoherence Identification task are summarized in Table 3,
where GPT 40 again demonstrated the highest agreement with human annotators, with
a Fleiss’ Kappa of 0.8316 in API interaction and 0.8234 in chat. Claude 3.5 Sonnet
followed closely, with Kappa values of 0.8279 in API and 0.8082 in chat, while LLaMA
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models, particularly LLaMA 2 7b, showed significantly lower Kappa values, indicating
that these models struggle more with identifying incoherent segments.

The difference in performance between API and chat interactions is notable, with
all models generally performing better in the API-based tests across all scenarios. This
may indicate that API interactions allow for more precise and structured processing, lead-
ing to higher accuracy and consistency.

6. Conclusions and Future Work

This study assessed the performance of LLMs in evaluating textual coherence at both lo-
cal and global levels and identifying incoherences within various corpora. Models such as
GPT 40 and Claude 3 consistently outperformed others, particularly in API-based evalu-
ations, where they achieved high accuracy and reliability. In local coherence tasks, GPT
40 demonstrated an F1 score of 0.989 in API-based tests, while in global coherence tasks,
Claude 3 Opus led with an F1 score of 0.986. However, chat-based interactions revealed
a performance decline, with GPT 40’s F1 score dropping to 0.974 in local coherence and
Claude 3 Opus to 0.937 in global coherence. This suggests that the mode of interaction
impacts model effectiveness, with API-based methods being more stable.

Despite the strong performance of top models, the Incoherence Identification task
proved challenging across the board. GPT 4o showed the highest agreement with hu-
man annotators (Fleiss’ Kappa of 0.8316), but all models exhibited lower performance
in chat-based settings. These findings underscore the need for improvement in this area,
especially as lower-tier models like LLaMA 2 struggled significantly, with Fleiss’ Kappa
dropping as low as 0.5418 in chat-based evaluations.

These findings have practical implications for NLP as models like GPT 40 and
Claude 3 can be integrated into proofreading tools, content generators, and educational
software to improve textual coherence. Their ability to assess and enhance coherence
benefits machine-generated content and helps users create cohesive texts. Recognizing
the impact of interaction modes on performance guides developers in choosing effective
deployment strategies, favoring API integrations for consistency and accuracy.

The study acknowledges threats to validity, particularly the risk that some of the
evaluation corpora may have been part of the training data for the LLMs, potentially
inflating performance. This overlap introduces biases that could compromise objectivity,
as models may recall patterns from training instead of genuinely evaluating coherence.
The assumption of coherence in original texts and the limited size and diversity of the
annotated datasets also pose risks to the generalizability of the findings.

Future work should address these limitations by expanding the range of evaluated
text types and incorporating larger, more diverse annotator groups, as well as utilizing new
and manually collected corpus to ensure that the models have not had prior access to it.
Additionally, exploring fine-tuning techniques and evaluating newer model architectures
will be essential. The development of improved evaluation metrics and the exploration of
cross-linguistic and multimodal coherence analysis are also recommended to enhance the
robustness and applicability of LLMs in complex language tasks.
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Abstract. Medical Named Entity Recognition (NER) identifies and categorizes
medical entities from unstructured texts, crucial for health monitoring tasks. De-
spite advancements with Large Language Models (LLMs), medical NER faces
challenges due to limited and dispersed labeled data across institutions, pro-
tected under privacy regulations. Federated Learning (FL) offers a solution by
enabling decentralized model training while preserving data privacy, but it is
vulnerable to byzantine attacks. This research proposes a simple and secure FL
protocol using Homomorphic Encryption (HE), called FedHE, that removes the
need of trust between the federations and the training coordinator. Encrypted
FL imposes significant constraints regarding resources consumption and perfor-
mance, making the state-of-the-art language models impractical. This research
aims to assess how well compact BERT representations work in federated med-
ical NER tasks in comparison to the state-of-the-art approaches. The results
showed that compact BERT representations, such as BE RT,,;,; are competitive
with the state-of-the-art, and are feasible to use in FedHE. However, resource
consumption overheads remain a challenge, particularly when the number of
clients increase.

1. Introduction

Medical named entity recognition (NER) aims to identify medical entities (e.g., drug
names, adverse reactions and symptoms) from unstructured medical texts and classify
them into different categories. It can be used in many intelligent healthcare tasks such
as pharmacovigilance and health monitoring [Tang et al. 2013]. With the recent advance-
ments in the field [Peng et al. 2024] the problem of NER has seen significant improve-
ments. However, in the specific context of medical NER, there are significant challenges
in the learning process due to the sensitive nature of the data. First, the available labeled
data of a single healthcare institution might not be representative enough to adjust a NER
model with good predictive accuracy. Second, collaborative training with data sharing
is frequently impractical considering the regulations prohibitions and the security risks
associated to the data sensitiveness and trust between the parties.

To leverage massively distributed data and enhance model generalizability, feder-
ated learning (FL) was introduced in [Kone¢ny et al. 2016] as a novel learning framework.
In an FL training loop, clients collaboratively train a shared global model by exchanging
model weights or gradients while keeping their data stored locally. By bringing the model
to the data, FL avoids data transfer and achieves competitive performance compared to
models trained with pooled data.



Recently, [Peng et al. 2024] provided an in-depth evaluation of federated learning
in biomedical natural language processing, demonstrating that the BlueBERT (B E RTy,,.)
model, particularly its larger variant (B E R1}4yge,1ue), trained using FL outperforms both
its version trained on data from a single client and GPT-4 when applied in a few-shot
prompt setting. Clearly, FL, combined with variations of BERT, stands out as an effective
approach for NER.

Although FL’s primary focus is on maintaining rigorous privacy protections by
preventing data sharing, [Zhu et al. 2019] introduced a new vulnerability in the form of
inference attacks, showing that private training data can be extracted from the publicly
shared gradients. To mitigate this risk, one approach is to incorporate an encryption step
into the federated learning framework. Specifically, employing Homomorphic Encryption
(HE) [Y1 et al. 2014] within FL allows clients to encrypt their gradients, enabling the cen-
tral coordinator to aggregate model updates directly on ciphertexts, thereby eliminating
the need for decryption.

While HE is often considered the gold standard for data-in-use encryption, it im-
poses significant performance overheads in terms of both computation and communica-
tion. As a result, deploying state-of-the-art natural language models becomes impractical
due to the large number of trainable parameters. Therefore, to implement a more secure
FL system using HE, smaller models must be selected. In this context, this paper ad-
dresses two key questions: (i) What is the computational cost of applying HE in FL for
NER applications? (ii) How much predictive accuracy might be sacrificed by choosing a
more secure FL+HE approach with a smaller model? The obtained results showed that
compact models, like BERT,,;,;, can perform competitively with state-of-the-art NER
models in a FL+HE setting for different corpora. However, resource overheads — par-
ticularly communication bandwidth and memory utilization—continue to pose significant
challenges.

2. Federated Learning

The prototypical FL setting consists of a central server S and a set of K distributed clients
C, such that |C| = K, that jointly cooperate to solve a standard supervised learning task.
Each client ¢ € C has access to it’s own private training set ©. = {x.;, y.;}.<;. The goal
of FL is to train a global predictive model whose architecture and parameters 0 € Ry
are shared amongst all the clients and found to minimize ming Zﬁil peLe(0;9,), where
£, 1s the local objective and p. > 0 specifies the individual contribution of the client ¢
such that Zle p. = 1. Two possible configurations for p. are p, = % or p. = ¢, where
n = 25:1 Ne.

The local objective function £, usually is defined as the empirical risk calculated
over the training set ©. sampled from the client’s local data distribution £.(6;9.) =
nic > 1(0; (2eisYei)), where [ is an instance-level loss (e.g., cross-entropy loss or
squared error in the case of classification or regression tasks, respectively).

In Federated Learning, to generate a global model 6 from locally trained models
with parameters 6., an aggregation step is necessary to combine the updates from all
clients. One of the most widely used methods for aggregation is called FedAvg. In each
round ¢, clients perform local training steps on their private datasets ©. to minimize their
respective objective functions £.. After completing the local updates, clients send their
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updated parameters 6" back to the central server S. The server then aggregates these
updates by computing a weighted average, typically defined as (1) = Zﬁil p09£t), and
uses this to update the global model for the next training round.

2.1. Federated Learning with Fully Homomorphic Encryption

Homomorphic Encryption (HE) allows certain computations (e.g., addition) to be per-
formed directly on ciphertexts, without decrypting them first. The intuitive idea is that a
third party can compute data without actually getting to know that data. This problem is
solved with key-based encryption where the encryption process preserves algebraic opera-
tions. For the addition operator, for example, we would have e(k, a)+e(k, b) = e(k, a+0b)
for an encryption scheme e(.,.), encryption key k, and plaintexts a and b. A third party
could thus compute the ciphertext of the value of the addition a + b from the ciphertexts
of a and b , and return this to the owner who could decrypt this to get the computation
result on the plaintext [Al Badawi and Polyakov 2023].

In the context of FL, the viability of HE is particularly constrained when encrypt-
ing local model updates. The use of large language models, such as BERT with 110M
parameters, becomes nearly infeasible given the bandwidth and computational overhead
associated with processing encrypted gradients. This limitation underscores the need for
more efficient encryption techniques, model compression strategies, and the adoption of
more compact architectures— the latter being the focus of this paper’s assessment

3. Methodology

This section describes this work’s proposal for making federated medical NER secure
with HE. The proposed solution, called FedHE, aims to be conceived as a generic frame-
work on how HE can be used in FL, making them compliant with data privacy regulations
and enabling scenarios such as medical NER to work without the risk of inference attacks.

The FedHE protocol uses HE encryption to protect the gradients data. Thus, even
if byzantine attackers compromise the computing server, they don’t have access to the
information of the gradient data from each learning client. In addition, it is impossible for
byzantine attackers to use these encrypted gradient data to train shadow models.

In this work, the cryptographic scheme CKKS (Cheon-Kim-Kim-Song)
[Marcolla et al. 2022] is used to encrypt clients’ gradients preserving the arithmetic oper-
ations of addition and multiplication by a scalar plaintext number. CKKS is an asymmet-
ric cryptographic scheme that requires key pairs, so a key management service (KMS)
is required. Notice that this work does not aim to detail neither the encryption scheme
nor the KMS protocol, but we rely on strategies and algorithms publicly defined in the
literature.

The coordinator algorithm orchestrates the federated network (See Algorithm 1).
Usually, it defines how the protocol work, establish mechanisms to define the architecture,
guarantee trust between the clients, and aggregate the locally generated gradients. 1

The FedAvg algorithm is executed homomorphically, without decryption of
clients updates. Additionally, although the KMS strategy is not specified in this paper,
we assume the coordinator has only access to the public key.
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Algorithm 1: FedHE Coordinator. The K clients are indexed by ¢ € C,
T 1s the total of federated learning rounds and L is the loss function. The
goal is to obtain 6 that minimizes the clients’ loss function.

State: Local model with parameters 6;.
Function ServerTrain:
initialize ()
request public key from KMS
for each roundt=10,...,T do
number of clients: m < max(C - K, 1)
client selection: S; < (random set of m clients)
for each client c € S, in parallel do
‘ Venc(LgtH)) « ClientTrain(c)
end
homomorphic FedAvg: V (t+1) K ne (+1)
phic FedAvg: Venc(L"™V) < >" ", "Venc(Le )
for each client c € C'in parallel do
| ClientUpdate(c, Venc(L!')
end
end

The FedHE client training algorithm is where the actual train happens (See Al-
gorithm 2). Each client trains on their own private training dataset and share only the
encrypted gradient updates with the coordinator for model aggregation.

Algorithm 2: FedHE Client. X represents the training samples while Y
represents the training labels. I, €, ) represents the number of local epochs,
the tolerance and the learning rate, respectively. The goal is to obtain 6x
that minimizes the loss function L.
State: Local model with parameters 6;.
Function ClientTrain:
request public key from KMS
for each epochi=0,...,1do
forward propagation: Y; = forward(X,6;)
compute loss: L; = loss(Y,Y;)
if L; <ec then
| break
end
else
back propagation: VL; = backprop(X, 6;, L;)
gradients encryption: Venc(L;) = encrypt(V L;, PublicKey)
return Venc(L;)
end
end
Function ClientUpdate (Venc(Lggy))
request private key from KMS
gradients decryption: V L., = decrypt(Venc(Legy,), PrivateKey)
update: 0,41 = 0; — NV Lgg,q




In conclusion, the FedHE ! protocol is adaptable to a range of model archi-
tectures and can be seamlessly integrated into established FL platforms like Flower
[Beutel et al. 2020], TensorFlow Federated?, FATE?, among others.

4. Results

In this section, we present the key findings of our analysis on FedHE, focusing on two
practical aspects: (1) the performance of FedHE trained with compact BERT models
compared to state-of-the-art models, and (2) the performance and resource consumption
overheads associated with FedHE.

Named Entity Recognition Corpora

We compared FedHE with alternative training schemes on two biomedical NLP datasets
and one news dataset, focusing on NER tasks. In NER, the objective is to identify and
classify named entities, such as diseases and genes, from a given sequence of tokens.

The selected corpora were chosen based on two main criteria: they are publicly
available, ensuring the reproducibility of results, and they are commonly used in well-
cited papers, which helps guarantee the quality of the data. A summary of the selected
datasets can be found in Table 1.

Corpus Entity/Relation Type Corpora Type  Train Dev Test
CONLL-2003 General News articles 14987 3466 3684
BC2GM Gene Medline abstract 26006 3251 3251
BCACHEMD  Drug/Chem PubMed abstract 94170 11772 11771

Table 1. List of NER corpora and their statistics

What Are the Performance and Resource Overheads of FedHE?

In FedHE, the encryption of gradients introduces a substantial increase in data size,
which can significantly impact bandwidth. Table 4 provides a comparative analysis of the
size overhead associated with different BERT models when using the CKKS encryption
scheme. For instance, B F R1};y,,, which has a plaintext gradient size of 16 MB, increases
to 340 MB when encrypted. Similarly, BERT,,;,;’s gradient size grows from 42 MB to
864 MB under the same scheme. The most pronounced effect is seen with BE RTy;,. and
BERTqrge biue » Where the gradient size were 20 times and more than 50 times bigger,
respectively. While local training remains unaffected, these increases in ciphertext size
lead to significant bandwidth overheads. As such, models like BE R1y;,. become im-
practical for FedHE due to the prohibitive size of encrypted gradients, emphasizing the
need for more bandwidth-efficient approaches or smaller models to maintain feasibility
in federated settings.

Table 4 highlights the impracticality of Large Language Models in FedHE due
to their exponential growth of memory and bandwidth requirements. Table 3 shows that

'Source code: https://github.com/marcosfpr/fedhe and https://github.com/
marcosfpr/sealy

’https://www.tensorflow.org/federated

Shttps://fate.fedai.org/
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Model Scheme # Params Size

BERTin, Single/Central/Federated 4M 16 MB
FedHE 4M 340 MB
BERT,ini Single/Central/Federated 11M 42 MB
FedHE 11M 864 MB
BERTy . Single/Central/Federated 108M 415 MB
FedHE 108M 8 GB
BERTqrge biue Single/Central/Federated 344M 1GB
FedHE 344M >50 GB

Table 2. Model Parameters and Size for Different Schemes

while operations on encrypted gradients, particularly encryption, become more costly
with increased parameter sizes, these do not generally pose a bottleneck in training. How-
ever, if federated training involves frequent aggregation rounds and infrequent local train-
ing epochs, these operations could become a significant bottleneck when the number of
parameters is sufficiently large. Typically, clients perform extensive local training with
less frequent aggregations, which aligns with both performance and operational efficien-
cies in FedHE.

Due to BERT}4rge biue’s €xcessive memory demands—over 50 GB in FedHE and
1 GB in plaintext—along with significant bandwidth and processing requirements, this
work will focus on comparing the effectiveness only with the base BE R, model in-
stead. Future work can be done to address the comparsion with larger versions of BERT
such as BERT 4y ge blue-

Model Type Mean (s) Std. Dev. (s) 99th Percentile (s)
’ Encrypt 8.016 0.133 8.484
BERTiiny Decrypt 2.179 0.053 2.337
~ Encrypt 21.877 0.251 22.671
BE R mini Decrypt 5.884 0.095 6.144

Table 3. Summary Statistics for Encryption and Decryption Times of BERT Mod-
els

While Table 4 highlights significant bandwidth constraints on the server-side in
FedHE, it is also essential to evaluate the resource and time costs associated with aggre-
gation operations. Figure 4 sheds light on the performance of aggregation as the number
of clients increases for the BF RT};,, model using the BC2GM corpus. The analysis
indicates that the homomorphic FedAvg aggregation time does not present an efficiency
issue in the training process; specifically, BE RT3, completes aggregation in approxi-
mately 20 seconds with 22 clients, whereas B E RT,,;,; requires about 50 seconds with 14
clients. However, it is important to note that as the number of clients grows, the memory
required to store ciphertext gradients increases significantly. For instance, aggregation for
BERT,,;»; with 16 clients led to a coordinator crash due to memory insufficiency. While
such issues can be mitigated using external memory strategies, these solutions introduce
additional performance overhead.
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Aggregation Performance vs Number of Clients
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Figure 1. Aggregation performance for BERT models on BC2GM.

How Does FedHE with Compact BERT Models Compare to State-of-the-Art BERT
Models For Medical NER?

Another fundamental research question for this work is to understand how far compact
BERT models are from the state-of-the-art models for federated medical NER. In par-
ticular, we would also like to understand if the introduction of HE can skew the overall
results. The table 4 shows an F1 comparison of the approaches tested with the state-of-
the-art models.

Another critical research question addressed in this work is evaluating the per-
formance gap between compact BERT models and state-of-the-art models for federated
medical NER. Additionally, we investigate whether the integration of HE affects the over-
all performance outcomes. Table 4 provides a comparative analysis of F1 scores for the
evaluated approaches against the state-of-the-art models.

Model Method CONLL-2003 BC2GM BC4CHEMD
Train Eval Train Eval Train Eval
BERTn, Single 0.865 + 0.005 0.618 £0.006 0.804 +0.002 0.593 +0.001  0.537 & 0.003  0.391 + 0.047
Central 0.953 £0.001 0.728 £ 0.002 0.841 +£0.000 0.645+0.003 0.605+0.011  0.460 £ 0.022
Federated 0.624 +0.001 0.464 +0.005 0.726 +£0.010 0.613 £0.016 0.598 +£0.010  0.448 4+ 0.008
FedHE 0.816 £ 0.000 0.650 +0.014 0.744 +0.005 0.604 +0.010  0.621 £+ 0.004 0.464 + 0.005
BERT,,;n; Single 0.961 £0.002 0.690 £0.002 0.80240.000 0.594 +0.002 0.802 £ 0.000  0.538 + 0.004
Central 0.990 £ 0.000 0.787£0.005 0.9954+0.001 0.763 +£0.010 0.859 & 0.001  0.613 £ 0.002
Federated 0.993 +0.000 0.758 +0.013 0.958 +0.001 0.703 +£0.012 0.833+0.000 0.584 4+ 0.000
FedHE 0.994 + 0.000 0.781 +0.001 0.998 +£0.000 0.739 +0.004 0.877 +=0.000 0.590 + 0.001
BERTy,. Central 0.999 +£0.000 0.791 +£0.009 0.992 +0.001 0.758 +£0.041 0.968 +0.001  0.683 £ 0.000

Table 4. F1 Score comparison of FedHE with various BERT models on medical
NER datasets. Standard deviations are shown in parentheses. Bold indicates
FedHE surpasses Federated, while underscored indicates it surpasses Central-
ized evaluation.

Training Setup

In all experiments we ran 50 epochs for training the models. The centralized and single-
client learning, we conducted 50 local epochs on their private dataset. The single-client
data were obtained splitting the dataset in two parts, and taking only one from the corpora.

The federated and FedHE approaches ran 5 aggregation rounds with 10 local
epochs each on client data. Effectiveness tests, shown in Table 4, were conducted with
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2 clients. Standard deviations for federated and FedHE were calculated from all clients,
while single-client and centralized deviations were from 2 runs.

For training the models, we used Adam optimizer with an initial learning rate of
2e — 5 and weight decay of 0.1. All experiments were performed on a system equipped
with an NVIDIA A100 GPU and at least 32GB RAM available.

Discussion

The results in Table 4 highlight the performance of different BERT models in 4 different
configurations (centralized, single client, federated and FedHE) for medical NER tasks.
The centralized BE Ry, model is used as a baseline, representing the state-of-the-art
in BERT-based models for medical named entity recognition. This model sets a high
standard for comparison, demonstrating its accuracy across the datasets.

Importantly, the application of HE does not skew model effectiveness. On the con-
trary, the encryption noise introduced by the encryption and decryption processes does not
damage model accuracy. Instead, it sometimes even improves performance, as reflected in
the bolded values in the table. The strongest hypothesis for this fact is that the small noise
added by the ciphertext operations helped the model to generalize better. This indicates
that HE can be effectively integrated without compromising, and potentially enhancing,
the model’s performance.

The analysis also reveals that single-client learning models, such as B F RT};,,,, and
BERT,;ni, often achieve higher training accuracy, but generalize with less effectively
compared to federated and FedHE approaches. Federated learning and FedHE models
exhibit superior generalization in all corpora evaluated.

B E R1;y,,, shows lower performance compared to B E RT,;,;, with signficant dif-
ferences in all 4 methods tested for all corpora. BE RT,,;y;, using only 11M parameters,
presented satisfactory results even when compared to the more complex B E RTj;,,. with
108M parameters. This suggests that we can achieve results closer to state-of-the-art us-
ing compact BERT representations without making FL+HE impractical. This work also
suggests that evaluating other slightly more complex BERT variants, such as BE RT 4,
could provide additional insights and potential improvements in model performance.

5. Conclusion

Overall, FedHE shows a generic framework for integrating HE in a FL protocol as a
strong alternative for federated medical NER tasks. FedHE offers robust performance
and practical advantages, making it a compelling choice for scenarios where data pri-
vacy and model effectiveness are critical. The results underscore the viability of FedHE
in maintaining high performance while incorporating encryption techniques. For future
work, we highlight (1) study scenarios where the number of clients is higher and the data
is non-IID; (2) assess the feasibility of other compact BERT variants such as BE RT,,qa,
and (3) test the models against other LLM-based baselines such as BERT 4, g piue-
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Abstract. We broaden Brazilian Portuguese (BP) dependency parsing to handle

“user-generated content” by developing and annotating the first BP treebank of
tweets (actual X posts) within the Universal Dependencies framework.

DANTEStocks has a size of 4,048 tweets from the stock market domain already

annotated with PoS tags and morphological features from UD. In this paper, we

describe our standards for dealing with Twitter- and domain-specific properties

of the corpus in the dependency annotation process. The enriched version of
DANTEStocks with dependency relations from UD and the annotation guidelines

are already publicly available.

Resumo. Amplia-se a andlise de dependéncia do portugués brasileiro (pt-br)
para lidar com “conteudo-gerado por usudrios” ao desenvolver e anotar o
primeiro treebank de tweets (atuais posts do X) em pt-br segundo o modelo
Universal Dependencies. O DANTEStocks possui 4,048 tweets do mercado
financeiro e anotagdo-UD de tags PoS e tragos morfologicos. Neste artigo,
descreve-se a estratégia de anotagdo sintdtica adotada para lidar com as
idiossincrasias do Twitter e do dominio desse corpus. A versdo do DANTEStocks
enriquecida com as relagoes de dependéncia-UD e as diretrizes de anotagdo ja
estdo publicamente disponiveis.

1. Introduction

The Universal Dependencies (UD) [Nivre et al. 2020] project specifies a complete
morphological and syntactic representation with the goal of facilitating multilingual tagger
and parser development [Nivre 2016]. The morphology of a word consists of 3 levels of
information: PoS tag, lemma, and features. Syntactic annotation consists of typed
dependency relations (deprels) between words. Currently, the model has 17 PoS tags and
37 deprels, plus a non-fixed set of morphological features. Figure 1 shows an example of
an annotated tweet in DANTEStocks. In a dependency tree, one word is the head of the
utterance (root) and all other words are dependent on another word. The labeled arcs
represent the deprels, pointing from heads to their dependents. The PoS tag and the lemma
of each word are displayed below the text. The morphological features are not included in
this figure. However, the token “acordo” (‘“agreement”), for example, has the following
features and values according to UD: Number=Sing, Gender=Masc.
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#BR. #BOVESPA =GOLL4 Gol assina acordo d compartilhamento de V008 com TAP http:/t.cowHGukBgTqp

X X X PROPN VERB NOUN ADP NOUN ADP NOUN ADP PROPN  PUNCT SYM
#BR £BOVESPA 2GOLL4 Gal assingr acords de compartilhamento de Yoo com TP . htp:/tcowHGukBgTqp

Figure 1. UD annotation of “4BR #BOVESPA #GOLL4 Gol assina acordo de
compartilhamento de voos com TAP - http://t.co/lwHGukBg7qp’™.

Motivated by UD, treebanks for new domains, genres and language varieties have
been recently built. Among the treebanks featuring user-generated content (UGC) created
from 2014 onwards, a significant number is either partially or entirely made up of Twitter
data, whose language diverges from standard written texts in several ways, posing
significant challenges for building UD-based treebanks. These challenges include non-
standard spelling, capitalization, punctuation, syntax, platform conventions, and creative
language use, which often introduce many unknown words. Promoting cross-linguistic
consistency, UD guidelines for UGC annotation have been provided [e.g. Sanguinetti ef al.
2022], however, when it comes to a technical domain, specific strategies are required. Due
to the variety and complexity of the language, adequate treatment of the phenomena by
means of an already existing model, such as UD, is a non-trivial task.

We report the syntactic annotation of DANTEStocks within UD framework. First,
we briefly describe the segmentation, tokenization, and the previous PoS annotation of the
corpus (§2). Then, we present the annotation guidelines for the UD-deprels (§3). In (§4),
we detail the semi-automatic approach for annotating the dependency relations, including
data organization, creation of a reference subcorpus, and training a state-of-art parsing
model on tweets. In (§5), we report a small-scale evaluation of the syntactic annotation.
Finally, we put our work into context and outline future work (§6).

2. The DANTEStocks Corpus

DANTEStocks is a corpus comprising 4,048 tweets (with 140-character limit) from the
stock market domain. It was automatically collected by fetching posts containing a ticker?
of one of the 73 stocks that compose the Ibovespa®. Considering the entire tweet as a basic
unit for syntactic analysis, the DANTEStocks” tweets are not segmented into smaller units
(sentences, clauses or phrases). This decision saved the effort to conduct a manual
segmentation or do revision of an automatic process. Additionally, the corpus was not
normalized to preserve its diversity, as the goal was to develop multigenre applications.
Although focusing on syntax, we outline the previous segmentation and morphological UD-
annotation because they contextualize some annotation decisions.

L “#BR #BOVESPA #GOLL4 Gol signs flight sharing agreement with TAP - http://t.co/wHGukBg7qp”

2 It is a five or six-character alphanumerical string that represents a specific type of stock from a company,
such as “PETR4” for Petrobras’ preferred stock.

3 It is the benchmark indicator of B3 (“Brasil, Bolsa, Balc&o™), which is the main financial exchange in Brazil.
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Following the lexicalist view of syntax of UD, the syntactic words* (tokens) were
automatically segmented by a version of the NLTK TweetTokenizer®, augmented with
specific rules for UGC [Silva et al. 2021]. The tool preserves most white-space-delimited
tokens, including phonetization (e.g. “d+” > “demais”), hashtag, cashtag®, at-mention,
emoticon, and URL, and splits off single orthographic tokens that correspond to multiple
(syntactic) words, such as clitics, contractions (canonical and non-canonical), punctuation
marks (except for abbreviations), and valuation rates and monetary values with
unconventional orthography. After the manual revision of the tool output, the corpus ends
up with a total number of 81,037 tokens.

The morphological annotation was also conducted semi-automatically’ [Silva et al.
2021]. The PoS tags generated by the UDPipe 2 parser [Straka 2018], trained incrementally
over UD-Portuguese Bosque [Rademaker et al. 2017] and tweets, were manually analyzed
by three annotators, and the cases of disagreement among them were adjudicated by a senior
linguist based on guidelines tailored for standard texts in BP [Duran 2021] and tweets [Di-
Felippo et al. 2022]. All 17 UD-tags can be found in DANTEStocks. PUNCT, NOUN, and
PROPN are the most frequent, with around 16%, 15% and 14% of all the tags, respectively.
Lemmas and grammatical features were semi-automatically obtained by using the
PortiLexicon-UD lexicon [Lopes et al. 2022]. Major manual adjustments were required for
lemmatization due to the high rate of out-of-vocabulary words. Regarding grammatical
features, the scenario was quite different. The features extraction was guided by the already
validated PoS tags and lemmas, which decreased the manual revision effort. Most of the
corrections was related to errors arising from ambiguity about VERB class features
(VerbForm, Mood, Tense, Gender, Number and Person). The manual revision also focused
on checking Typo, Abbr, and Foreign, which are features that can be associated to words
belonging to all PoS classes.

While many syntactic structures of tweets could be quite straightforwardly
annotated using the general guidelines adapted for Portuguese [Duran 2022], many of them
needed specific choices. In the next section, we discuss the main challenging issues for
annotation decisions related to dependency relations (deprels).

3. Syntactic Annotation Issues

3.1. Medium- and domain-dependent (lexical) phenomena

Mostly following the recommendations of Sanguinetti et al, tokens classified as
orthographic variation from standard norm by [Scandarolli et al. 2023] were annotated with
their actual syntactic roles, since they are always syntactically integrated. These variations
include user-generated content phenomena such as substitution, omission, insertion, and
transposition of characters (e.g., letters, spaces, hyphens, and diacritics). A good example
is the token “nao” (instead of “ndo”) (“no”) in (1) “VALES nao passa de 29,9%, which has
a case of diacritic omission. In the example, “nao” was related to the root “passa” by
advmod, since it is an adverb that modifies a predicate.

4 It is the basic annotation unit that plays a syntactic function in an utterance.

S https://www.nltk.org/api/nltk.tokenize.html

® 1t was specifically designed to track financial instruments (e.g., SPETRA4).

7 The version of the corpus containing PoS and features annotation is publicly available at:
https://sites.google.com/icmc.usp.br/poetisa/resources-and-tools.

8 «“VALES does not exceed 29,9”
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The same strategy was adopted for treating most of the phenomena classified as
“innovative norm”® by [Scandarolli et al. 2023] (i.e., abbreviation, neologism, mark of
expressiveness and homophone writing), since they are also always syntactically integrated.
Pictogram (emoticon/emoji), which is a mark of expressiveness, is the only one that occurs
non-syntactically integrated (standalone), being attached to the root by discourse. The
other two types of innovative norm’s phenomena required annotation guidelines when
standalone and syntactically integrated (Table 1). For the medium-dependent devices, the
treatment given to the at-mentions when preceded by the RT mark is only that differs from
the recommendation of Sanguinetti ef al Instead of considering the at-mention as
standalone and attaching it to the main predicate with vocative, we treat it as a
syntactically integrated token attached to the RT mark by nmod. This is due to our
interpretation of an elliptical preposition “de” (“of”) (“RT de @user”), indicating an
attributive relationship between the RT/SYM and the @user/PROPN. Also differently, all
the cases of parataxis involving a UGC phenomenon in DANTEStocks are annotated
with a corresponding subrelation, not only for URL and hashtags.

Table 1. UD-dependency guidelines for Twitter- and domain-specific issues.

UGC issue | Subtype _Syntactl_c Standard syntactic Other
integration | role
No parataxis:hashtag
Hashtag Yes %
At i No parataxis:mention
. -mention Yes v nmod (of the RT)
Medium- —
No parataxis:url
dependent | URL Yes —
token RT No parataxis:rt
Yes v’
Truncation Yes v’ (:wtrunc Or :strunc)
Code-switching (intra) | Yes v" (ifknown) flat:foreign (ifunknown)
Domain- | Ticker Yes v’
specific No parataxis:cashtag
token Cashtag Yes v

3.2. Unconventional syntax

Besides all the linguistic issues previously mentioned, the complexity of the UD-annotation
also rises from the highly contextual nature of Twitter, and the high level of fragmentation
that seems to be typical in UGC from stock market domain. This provides a rich context
for ambiguities and ellipses, resulting in unconventional syntactic structures whose most
appropriate UD analysis depends on the interpretation of the tweet content. One example is
nsbuj:pass Without the aux:pass. To recommend attaching “#cyre3” to the root
“postado” by nsbuj :pass in the tweet of Figure 2, we assumed that the auxiliary verb is
elided. In Figure 2, we also assumed an elliptical preposition (“a”) preceding “+1,78” to
connect “1,78” by ob1. Since the syntactic function of “(+)1,78” is ambiguous (i.e., obl
of “postado” or nmoa of “abertura”), the choice of “1,78” as dependent on the root by
ob1 illustrates annotation decisions based on the interpretation of domain experts.

° They are lexical alternatives to existing standard words and frequent linguistic devices that are found in
the Twitter and/or stock market domain language [Scandarolli et al. 2023].
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=cyred postado hj antes de a abertura + 1,78

PROPN VERB ADV ADV ADP DET

Eqyre3 postar hoje antes de

Figure 2. Syntactic ellipsis in the fragment ““#cyre3 postado hj antes da abertura +1,78°"°,

3.3. Structural patterns

Besides the UGC (lexical) phenomena and unconventional syntax issues, we also identified
22 recurring structural patterns among the tweets in DANTEStocks. Such patterns
correspond to almost 1,000 instances of the corpus, i.e. unique tweets. For each pattern, we
created a template for guiding the annotation of the pattern instances in the corpus. The 22
templates also compose the dependency annotation guidelines for the DANTEStocks
corpus, as well as the recommendations for the treatment of the lexical phenomena and
unconventional structures [Di-Felippo ef al. 2024].

More precisely, a template contains 3 fields: (i) pattern, i.e. a mnemonic description,
(i) elements, i.e. list of pattern elements and the corresponding annotation guideline within
UD, and (ii1) example, i.e., at least one attested instance of the pattern from the corpus with
its UD-dependency annotation. It is important to mention that, since the patterns usually
refer to fragmented and/or full of syntactic ellipsis tweets, the template specification is
based on a possible interpretation of the tweets, which was done with the support of stock
market’s experts.

For illustration, the Template 11 is shown in Table 2. It corresponds to 20 unique
instances in the corpus. Since the pattern of the template represents very fragmented tweets,
the domain experts helped us to interpret corpus utterance such as that in Table 2 as being
composed by three blocks of information, resulting in the following pattern description:
<hashtag-ticker><theme><url>.

The <theme> provides information about a specific stock, codified by the <hashtag-
ticker>, and it was considered the main information of the utterance. Since the <theme> is
always being introduced by the coordinate expression “support and resistance”!!, the first
element of the expression (i.e. “suportes”) is the root, as indicated in the field “elements”.
In the “element” field, it is also indicated that the <hashtag-ticker> is dependent on the
root with the nmod tag, due to interpretation of “#VALE” as a nominal that functionally
corresponds to a modifier of another noun (“suportes”). Since the nmod relation is usually
introduced by a preposition (ADP tag) in Portuguese, we assume, to propose the template,
that there is an elliptical preposition “de(+a)” (i.e. “suportes e resisténcias da VALE4”)
(“support and resistance” of #VALES). Finally, the <url> is dependent on the root with
parataxis:url because it is a run-on segment.

10 «#cyre3 posted today before opening +1,78”.
11 Terms that indicate price levels where a specific stock tends to reject the current trend and reverse, i.e.,
they indicate potential turning points in a stock’s price.
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Table 2 Template for UD-dependency annotation of tweets with structural pattern.

100

Pattern <hashtag-ticker> <theme> <url>, where:

Elements | a. <hashtag-ticker> is dependent on the root with the nmod label
b. <theme> contains the expression “suportes e resisténcias”; “suportes” is the root
c. <url> is dependent of the root with the parataxis:url tag

Example | #VALEDS suportes e resisténcias http://t.co/cBOrWXrECN

(o0t >

‘,\ |
#VALES suportes e resisténcias http://t.co/c8OrWXIECN
PROPN NOUN CCONI NOUN SYM
#VALES suporte e resisténcia http://t.co/c8OrWXrECN

4. Syntactic Annotation Approach

The dependency-based annotation of DANTEStocks was held in two semi-automatic stages
[Barbosa 2024]. The first one aimed at creating a reference subcorpus and the second stage
of the annotation focused on fine-tuning a pre-trained parser for tweets by using the
reference subcorpus as part of its initial training set. To start the syntactic annotation, all
4,048 tweets were grouped into three major sets, capturing tweets with: (i) relatively
standard language, (ii) recurring structural patterns, and (iii) other (tweets that do not belong
to any of the first two sets). Tweets were classified through k-means clustering [Macqueen
1967] with tf-idf (“term frequency—inverse document frequency”) [Luhn 1957].

4.1. Creation of a Reference Subcorpus

The organization of tweets into sets as mentioned above allowed us to select a few instances
from each set, covering all the lexical and structural diversity of DANTEStocks to compose
a reference subcorpus of 1,000 tweets. Furthermore, as an attempt to achieve annotation
consistency, particularly given the non-canonical language of the corpus, the semi-
automatic annotation of the subcorpus was also based on such classification. This means
that the data from each major set was manually reviewed separately.

To create a gold-standard subcorpus we also used the UDPipe 2 parser trained over
UD-Portuguese Bosque to annotate the 1.000 tweets. The UD-annotated subcorpus was
later manually revised by a single expert. Taking advantage of the previous experience of
the expert in UD-annotation of journalistic texts and the training of UDPipe 2 over Bosque,
the manual revision started with tweets that present relatively standard language. The next
tweets were those with recurring structural patterns, and finally the tweets with a variety of
lexical and structural characteristics. During the revision process, the challenging issues
described in Section 3 were discussed, and the annotation decisions gave rise to the
guidelines for the treatment of tweets from the stock market domain within the UD
framework [Di Felippo et al. 2024]. The guidelines were used to support the manual
revision of the rest of the corpus, which was done when training a state-of-art parser on the
tweets from DANTEStocks. After the revision of the subcorpus, we ended up having a
gold-standard subset of 1,000 syntactically annotated tweets.
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4.2. Parsing model training

The rest of the corpus was annotated by customizing Stanza [Qi et al. 2020] for
DANTEStocks. Stanza is a well-known pre-trained model for Portuguese, having the
advantage of being a user-friendly pipeline for text analysis. The procedure began with the
Stanza base architecture, fine-tuned on Porttinari-base [Duran et al. 2023], which is a
journalistic corpus composed of 8,418 sentences (168,080 tokens) manually annotated with
UD, and the reference subcorpus. For the first run of Stanza, comprising Porttinari-base and
the reference subcorpus as initial training dataset, was applied the same distribution of data
found in Porttinari-base'?, resulting in a dataset of 9,893 samples, being 70% for training,
10% for validation, and 20% for testing. The resulting parser was used to annotate a new
package of data (out the remaining 3,048 tweets), which was manually revised and
incorporated to the previous data set, being then used to start a new training run of Stanza.
This cycle continued incrementally until the last package of tweets was annotated/revised.
Besides the first training iteration, we carried out five training runs, adding packages of
203, 300, 400, 400, and 1233 tweets per iteration, respectively (totaling 2,536 tweets). The
resulting model of the 6" (final) run was used to annotate the remaining 512 tweets. The
tweet packages were added in the same order as the manual revision of the reference
subcorpus: standard language tweets, structural pattern tweets, and tweets with varied
lexical/structural properties.

For each of the five runs, we kept, whenever possible, the same distribution of data
for training, validation and testing used in the first iteration, and computed Stanza’s
performance based on the Unlabeled Attachment Score® (UAS) and Labeled Attachment
Score!* (LAS). The UAS accuracy increased from 94.46% at the first run to 95,78% in the
last (6™) iteration, becoming 1,32% better. For LAS, the final accuracy (6™ run) achieved
94,62%, increasing 0,76% from the first run accuracy of 93,86%. The increase of the
dependency relation measures indicates that the model’s ability to capture the syntactic
structures of the tweets has improved as we incorporate news tweet into the training sets.
For comparison purposes, the accuracy of the best model for journalist texts in Portuguese
was also around 96% (UAS) and 95% (LAS) [Lopes and Pardo 2024]. Figure 3 depicts the
overall distribution of the dependency relations (without subrelations) in DANTEStocks.
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Figure 3. Frequency distribution of UD deprel tagset in DANTEStocks.

12 The 8,418 sentences were split into training, development, and test sets, with 70% (5,893 sentences), 10%
(842 sentences), and 20% (1,683 sentences) of the corpus, respectively.

13 UAS indicates the accuracy of the head ignoring the relation’s name (deprel) [Nivre and Fang, 2017].

14 AS evaluates the output of a parser by considering how many words have been assigned both the correct
syntactic head and the correct label, ignoring subrelations [Nivre and Fang 2017].
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5. Reliability of Annotation

To provide a reliability measure of the annotation of DANTEStocks, a second NLP expert
(also with UD-annotation experience) manually reviewed the automatic annotation of 100
random tweets based on the same guidelines [Duran 2022; Di Felippo et al. 2024]. The
dependency-trees analyzed by the additional annotator could be from the reference
subcorpus or generated by Stanza in one of its interactions. The Inter-Annotator Agreement
(IAA) score was calculated by using the Kappa coefficient [Cohen, 1960; Carletta, 1996]
in two different settings [Barbosa 2024]. In the first, the focus was to evaluate the annotation
of head and deprel separately. The Kappa results for head and deprel were 0.96 and 0.97,
respectively. In the second setting, the evaluation aimed at the combination of head and
deprel, obtaining the Kappa score of 0.95. The IAA per deprel was measured by using the
total agreement score [Sobrevilha Cabezudo 2015], since Kappa is not appropriate given
the unbalanced distribution of the relations. We obtained the fotal agreement of 100% for
more than half of the 46 different deprels (including subrelations) that occur in the sample
of 100 tweets. Out of the 1.743 annotated relations, there are 42 cases of disagreement. The
most frequent conflict was between obl and nmod. Some of them were caused by different
but potential interpretations about the functional role of the prepositional phrase (in bold)
in structure like “arrisque vd em #petr4” (“risk selling in #petrd”). While one annotator
attached “petr4” to the verb via obl, functioning as a non-core (oblique) argument or
adjunct, the other assumed that “petr4” is a modifier of the noun “vd” (“venda”), being
attached to it by nmod. It is also interesting that, among the 22 deprels with total agreement
different from 100%, 12 of them contain subrelations, indicating that the annotation is more
complex when using language-specific relations. Even though a small-scale evaluation, the
results indicate that the overall IAA was otherwise quite high, especially for the challenging
task. This might be due to the large and detailed recommendations of our guidelines for the
syntactic annotation of the tweets.

6. Final Remarks and Future Work

We described our effort on building the first BP treebank for Twitter microtext, annotated
within the framework of UD. The contributions are the treebank itself, the instantiation of
the UD guidelines for stock market tweets in BP, and the customization of a current state-
of-the-art parser for tweets. Our main difficult was interpreting the tweets, due to the
medium- and domain-lexical phenomena and uncommon constructions. Thus, despite the
constant help of domain experts, we can say that the dependency annotation of many tweets
in DANTEStocks (especially those with fragmentation, e.g., aborted text) represents
potential syntactic analysis of the tweets. Currently, the two annotators involved in this
work are analyzing the disagreements to assign a consensual deprel for each case and to
make the treebank available soon. The guidelines for the syntactic UD-based annotation of
DANTEStocks and the treebank itself (beta version) are available at the POeTiSA project
webpage (https://sites.google.com/icmc.usp.br/poetisa/).
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Abstract. This paper performs a comparative analysis of the pre-trained neural
models of PT'T5 and FLAN-T5 for Brazilian Portuguese automatic question
generation. To this end, two datasets, PIRA and FairyTaleQA, were used to eva-
luate the ability of these models to generate questions from two scenarios: (i)
considering only the context and (ii) using the context and the expected answer.
The ROUGE-L and BERTScore measures were used to assess the generated
questions, in addition to an analysis based on GPT'-40. The results demons-
trated that the PTT51q,4. model consistently outperformed the other models,
generating 93.06% of valid questions in PIRA and 82.32% in FairyTaleQA ba-
sed on the G PT-40 evaluation.

Resumo. Este artigo apresenta uma andlise comparativa dos modelos neurais
pré-treinados do PTT5 e FLAN-TS para a geracdo automdtica de pergun-
tas em portugués do Brasil. Para isso, foram utilizados dois conjuntos de da-
dos, PIRA e FairyTaleQA, para avaliar a capacidade desses modelos de gerar
perguntas a partir de dois cendrios: (i) considerando apenas o contexto e (ii)
usando o contexto e a resposta esperada. As medidas do ROUGE-L e do BERTS-
core foram usadas para avaliar as perguntas geradas, além de uma andlise ba-
seada no GPT-4o. Os resultados demonstram que o modelo PTT5y 44 apre-
sentou consistentemente desempenho superior aos demais modelos, gerando
93,06% de perguntas vdlidas no PIRA e 82,32% no FairyTaleQA na avaliagdo
baseada no G PT-4o.

1. Introducao

A Geragao de Perguntas (QG, do inglés Question Generation) € uma tarefa da
area de Processamento de Linguagem Natural (PLN), que envolve a criagdo au-
tomdtica de perguntas a partir de um dado texto ou conjuntos de dados textuais
[Zhang et al. 2021]. Usando técnicas de PLN e algoritmos de Aprendizado de Méaquina
(AM), os sistemas de QG visam gerar perguntas gramaticalmente corretas e contextu-
almente relevantes [da Rocha Junqueira et al. 2024]. Diante da grande abundancia de
informacodes digitais, sistemas de QG possuem diversas potenciais dreas de aplicacao
[Mulla and Gharpure 2023]. Na darea da educacdo, a aplicacdo de abordagens de QG
pode contribuir para o desenvolvimento de materiais de avaliacdo, questiondrios praticos,
no desenvolvimento de sistemas de tutoria, aprimorando processos de aprendizagem e



avaliacdo [Kurdi et al. 2020]. No ambito dos sistemas de perguntas e respostas (QA, do
inglés Question Answering), abordagens de QG té€m sido usadas para o treinamento de
modelos com pouca supervisao ou para fins de aumento de dados [Puri et al. 2020].

Apesar do crescente interesse em pesquisas envolvendo a tarefa de QG, a mai-
oria desses estudos concentra-se predominantemente na lingua inglesa, onde ha di-
versos recursos € bases de dados disponiveis para experimenta¢do e desenvolvimento
[Zhang et al. 2021, Mulla and Gharpure 2023]. Em contrapartida, as pesquisas foca-
das na lingua portuguesa, especialmente para o portugu€s do Brasil, ainda sdo li-
mitadas, resultando em uma escassez tanto de estudos quanto de bases de dados
[da Rocha Junqueira et al. 2024, Leite et al. 2024]. Essa lacuna impde desafios adicio-
nais para o avanco no desenvolvimento e na aplicagdo prética de sistemas de QG, uma
vez que a adaptacdo de modelos e técnicas desenvolvidas para o inglés nem sempre se
traduzem diretamente em resultados eficazes em outros idiomas, dada a complexidade e
as particularidades linguisticas inerentes de linguagem natural.

Este artigo tem como objetivo investigar a aplicagdo de modelos neurais de lingua-
gem pré-treinados baseados na arquitetura Transformers [Vaswani 2017], mais especifi-
camente os modelos PTT5 [Carmo et al. 2020] e F' LAN-T5 [Chung et al. 2024] para a
tarefa de QG em portugués do Brasil. Para isso, foi realizado o ajuste fino desses mo-
delos em suas arquiteturas small, base e large, utilizando as bases de dados do PIRA
[Paschoal et al. 2021], nativa em portugués, e uma versao traduzida da base de dados
FairytaleQA [Leite et al. 2024] para o portugués do Brasil. Os experimentos foram rea-
lizados em dois cendrios: no primeiro, as perguntas foram geradas a partir somente de
um dado contexto; no segundo, as perguntas foram geradas considerando tanto o con-
texto quanto uma resposta prévia. A avaliacdo dos resultados foi realizada por meio das
medidas automaticas do ROUGE-L e BERTScore, que sdo comumente utilizadas para
avaliar abordagens de QG em termos de similaridade 1éxica e semantica das perguntas
geradas com as perguntas de referéncia. Além disso, foi realizado um experimento adi-
cional utilizando o modelo G PT-40 para avaliar as perguntas geradas. Esse experimento
teve como objetivo complementar as avaliagdes quantitativas anteriores, proporcionando
uma andlise adicional da qualidade das perguntas geradas.

As principais contribui¢des deste artigo incluem: (i) o ajuste fino e a avaliacdo
de diferentes arquiteturas dos modelos PT1T5 e FFLAN-T'5 para a tarefa de QG em por-
tugués do Brasil; e (ii) uma extensa investigagcao considerando duas bases de dados, PIRA
e FairytaleQA, e duas variag¢des da tarefa. O cédigo-fonte desenvolvido neste trabalho esta
ptiblico em um repositério do GitHub!.

2. Trabalhos Relacionados

As abordagens de geracdo de perguntas podem ser classificadas em métodos convencio-
nais e baseados em modelos neurais [Zhang et al. 2021]. Os métodos convencionais de
QG baseiam-se principalmente na aplicacao de regras heuristicas para transformar os tex-
tos em perguntas relacionadas. Recentemente, com a evolucdo das arquiteturas de redes
neurais profundas, houve uma mudanga de paradigma na tarefa para a ado¢ao de modelos
neurais, permitindo assim, o desenvolvimento de abordagens orientadas a dados e com-
pletamente treindveis, na qual a selecdo de contetido e a construgdo de perguntas podem

'"https://github.com/laicsiifes/question_generation_ptbr
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ser otimizadas de forma combinada. Embora exista uma vasta literatura sobre QG em
diversos idiomas [Kurdi et al. 2020, Zhang et al. 2021, Mulla and Gharpure 2023], por
limitagdo de espago, esta se¢do foca em trabalhos envolvendo o portugués do Brasil.

Em [Leite and Lopes Cardoso 2022], os autores apresentam um estudo que envol-
veu o treinamento do modelo PT'T'5 para a geracdo de perguntas utilizando uma versao
em portugués do conjunto de dados SQuAD 1.1. Os resultados obtidos foram encora-
jadores, com desempenho equiparavel com a implementacdo em inglés do modelo 75,
evidenciando a eficicia dos modelos baseados na arquitetura Transformers e estabele-
cendo baselines para futuras comparacdes para a tarefa de QG em portugués. Oliveira
et al. [Oliveira et al. 2023] abordam o desafio de gerar e classificar distratores (opcoes
incorretas) para questoes de multipla escolha em portugués. Os autores desenvolveram e
combinam varios métodos de geracao de distratores, incluindo extra¢do baseada em con-
texto, manipulagdo numérica e similaridade semantica a partir de recursos como WordNet.

Junqueira et al. [da Rocha Junqueira et al. 2024] apresentaram uma investigacao
do desempenho dos modelos 7’5, FLAN-TH e BART-PT para a geragdo de perguntas
factuais em portugués do Brasil. Para mitigar o problema da escassez de dados, foi uti-
lizada uma versao em portugués brasileiro do SQuAD v1.1, obtida por meio de tradugao
automadtica. Leite et al. [Leite et al. 2024] realizaram a construcdo de versoes traduzidas
automaticamente da base de dados FairytaleQA, que é um conjunto de dados comumente
usado para o desenvolvimento de sistemas de perguntas e respostas em inglés. Foram
desenvolvidas versoes do FairytaleQA para o portugués de Portugal, portugués do Brasil,
espanhol e francés, que podem ser usadas em pesquisas da area de QG e QA. Além disso,
foram realizados experimentos usando modelos neurais baseados na arquitetura 7'5.

Este trabalho difere dos anteriores ao: (i) treinar e avaliar diferentes tamanhos
de arquitetura dos modelos PTT5 e FLAN-T5, (ii) considerar dois cendrios da tarefa
de QG, (iii) adotar uma base de dados escrita nativamente em portugués (PIRA) e outra
obtida por meio de tradu¢do automética (FairytaleQA), e (iv) analisar o desempenho dos
modelos usando uma abordagem com o modelo GPT-40, além de tradicionais medidas
de avaliacao consideradas em trabalhos anteriores.

3. Materiais e Métodos
3.1. Bases de Dados

Neste trabalho foram utilizados dois conjuntos de dados, o PIRA [Paschoal et al. 2021]
e o FairyTaleQA [Xu et al. 2022]. Essas bases de dados foram selecionadas por serem
usadas em trabalhos da literatura na tarefa de geracdo de perguntas ou de sistemas de
perguntas e respostas em portugués do Brasil. Além disso, elas possuem trés componentes
essenciais para a tarefa de QG: (i) contexto textual, (ii) pergunta associada e (iii) resposta
correspondente.

O PIRA ¢ uma base de dados bilingue (portugués-inglés) focada em questdes
ocednicas e da costa brasileira. A base contém 2.261 textos extraidos de trechos de re-
latérios das Nagdes Unidas sobre o oceano e de resumos relacionados ao litoral brasileiro
[Paschoal et al. 2021]. As perguntas e respostas foram criadas manualmente em um pro-
cesso de revisao em pares por avaliadores humanos. Apds uma anélise da base de dados,
foi observado que alguns exemplos ndo apresentam as respostas para as perguntas. Por



isso, esses exemplos foram removidos, ja que a resposta é um elemento importante para
os experimentos realizados neste trabalho.

O FairyTaleQA ¢ uma base de dados comumente usada para avaliar sistemas de
perguntas e respostas em inglés. Essa base foi criada por especialistas em educacdo e
¢ composta por textos narrativos infantis. Leite et al. [Leite et al. 2024] realizaram um
processo de traducdo do FairyTaleQA para diversos idiomas, incluindo o portugués de
Portugal e do Brasil. Neste trabalho, foi utilizada a versao traduzida para o portugués do
Brasil, que compreende 10.580 perguntas e respostas derivadas de 278 histdrias infantis.

Na Tabela 1 sdo apresentadas para cada base de dados as estatisticas do total de
exemplos em cada conjunto (treinamento, validacdo e teste) e o tamanho médio e desvio
padrdo do total de palavras para cada componente (contexto, pergunta e resposta). Para
gerar essas estatisticas, foi utilizada a ferramenta spaCy? para o processamento dos textos.

Tabela 1. Estatistica das bases de dados do PIRA e FairyTaleQA

Base de Dados | Conjunto | Exemplos | Componente | Média de Palavras (Desvio Padrao)
Contexto 274,73 (141,41)
Treino 1.756 Pergunta 13,83 (5,62)
Resposta 14,32 (11,76)
Contexto 273,98 (157,08)
PIRA Validagio 215 Pergunta 13,65 (5.38)
Resposta 15,04 (12,06)
Contexto 250,58 (128,98)
Teste 216 Pergunta 13,36 (5,68)
Resposta 14,92 (14,50)
Contexto 182,51 (94,53)
Treino 8.548 Pergunta 10,23 (3,38)
Resposta 6,98 (5,73)
Contexto 170,08 (74,18)
FairyTaleQA Validagao 1.025 Pergunta 10,93 (3,40)
Resposta 7,52 (5,96)
Contexto 168,92 (73,77)
Teste 1.007 Pergunta 10,48 (3,30)
Resposta 6,80 (5,31)

3.2. Modelos Avaliados

Neste trabalho, foram avaliados os modelos PTT5 e o FLAN-T5, baseados na arquite-
tura Text-to-Text Transfer Transformer (T5) [Raffel et al. 2020]. Apesar de existirem dife-
rentes tamanhos de arquitetura, as trés comumente usadas sdo “small”, “base” e “large”.
Elas possuem um ndmero crescente de parametros, o que geralmente resulta em maior
capacidade de aprendizado, mas também em um maior custo computacional. Esses mo-
delos foram escolhidos devido ao seu desempenho promissor em tarefas de PLN e por
terem sido explorados em trabalhos anteriores.

O PTT5 é uma adaptacdo do modelo 7’5, especificamente pré-treinada para o
portugués do Brasil [Carmo et al. 2020]. O modelo foi pré-treinado no corpus BrWac
[Wagner Filho et al. 2018], uma extensa cole¢do de paginas web em portugués, contendo
aproximadamente 2,7 bilhoes de fokens. Foram utilizados os modelos PT"T'5g,q11, que
possui aproximadamente 60 milhdes de parametros, o PTT5p,s, com cerca de 220
milhdes de pardmetros, € 0 PT1'574r4e, que apresenta aproximadamente 740 milhdes
de parametros.

https://spacy.io/
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O FLAN-T5 [Chung et al. 2024] é uma versao aprimorada do 7'5 pré-treinado
em multiplas tarefas de PLN. Esse modelo foi pré-treinado majoritariamente em do-
cumentos em inglés, mas possui suporte a outros idiomas, como o portugués. Foram
avaliadas trés variantes deste modelo: 0 F'LAN-T5g,,.u com cerca de 80 milhGes de
parametros, o FFLAN-T5pg,,. contendo aproximadamente 250 milhdes de parametros, e
0 FLAN-T5py4. apresentando cerca de 780 milhdes de parametros. Sua inclusdo tem
o objetivo de avaliar como um modelo com treinamento diversificado se comporta em
comparacao a modelos especializados em um tunico idioma e tarefa.

3.3. Metodologia Experimental

A metodologia experimental utilizada neste trabalho envolveu o desenvolvimento, ajuste
fino e a avaliacdo dos modelos investigados, especificamente ajustados para dois cendrios
da tarefa de geracdo de perguntas, conforme ilustrado na Figura 1. Para cada cendrio, seis
modelos foram treinados, considerando os trés tamanhos de arquitetura e os dois modelos
PTT5 e FLAN-T5. No primeiro cenario, foi analisada a variacao da tarefa que gera
perguntas a partir somente do contexto, como entrada. Ja no segundo cendrio, os modelos
recebem tanto o contexto quanto uma resposta como entrada e devem gerar uma pergunta

como saida.
Entroda. Modelo Per‘ﬂ-un‘to\
Cen&rio 1 Contexto
Entrada
Cendrico 2 Contexto e Modlelo Pergunta
resposta

Figura 1. Cenarios da tarefa de QG analisados.

Os modelos PT'T5 e FLAN-T5 foram implementados usando a biblioteca Trans-
formers®. O tamanho de entrada méximo foi definido para 512 tokens, enquanto a saida
foi configurada para no maximo 40 tokens. Durante o treinamento, os modelos foram
ajustados por no méaximo 20 épocas, sendo utilizada a estratégia de parada antecipada
com uma paciéncia de 5 épocas. Para mitigar o sobreajuste dos modelos, ao final de cada
época, o modelo treinado € aplicado no conjunto de validacao e é computada a medida do
ROUGE-L, sendo salvo somente o modelo com maior valor. Durante a geracdo das per-
guntas, foi utilizado o algoritmo de Beam Search com uma largura de tamanho 5. Esses
valores foram definidos a partir da anélise de trabalhos anteriores.

A avaliacdo do desempenho dos modelos foi realizada por meio de duas abor-
dagens: a aplicacdo de métricas automadticas de similaridade e uma avaliagdo com
base no modelo de linguagem G PT-40. Para a avaliagdo automatica, foi utilizada a
métrica Recall-Oriented Understudy for Gisting Evaluation Longest Common Subse-
quence (ROUGE-L) [Lin 2004], que mensura a similaridade com base na maior sequéncia
de palavras em comum entre as perguntas geradas e as perguntas de referéncia. Adicional-
mente, foi utilizada a métrica BERTScore [Zhang et al. 2019], que calcula a similaridade
de cosseno a partir das representacdes em embeddings extraidas do modelo Bidirectional
Encoder Representations for Transformers (BERT).

Shttps://huggingface.co/docs/transformers/index
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Para uma avaliacdo mais holistica e contextualmente relevante, foi realizada uma
andlise usando o modelo GPT-40. Essa avaliacdo foi pensada porque, dado um con-
texto especifico, € possivel gerar multiplas perguntas vélidas que nio necessariamente
precisam ser idénticas a pergunta de referéncia presente nas bases de dados usadas nos
experimentos. Esta situacdo € particularmente relevante no Cendrio 1, onde apenas o con-
texto € fornecido como entrada para o modelo. Neste caso, diversas perguntas podem
ser consideradas validas, desde que sejam respondiveis com base no contexto fornecido.
Em contraste, no Cenario 2, onde o contexto e a resposta esperada sdao fornecidos como
entrada, a pergunta gerada deve ser semanticamente equivalente a pergunta de referéncia.

O processo de avaliacao utilizando o G PT-4o foi inspirado na técnica de Retrieval
Augmented Generation (RAG). Esta técnica consiste em fornecer um contexto e uma per-
gunta para um modelo de linguagem de grande escala (LLM, do inglés Large Language
Model), solicitando que ele responda a pergunta usando apenas o contexto fornecido ou
sinalize caso ndo seja possivel [Chen et al. 2024]. Seguindo esta abordagem, foi criado
um prompt* contendo o contexto original e a pergunta gerada pelos modelos avaliados.
Este prompt foi entdo submetido ao GPT-40, com a instrucdo de responder a pergunta
utilizando somente o contexto fornecido ou indicar a impossibilidade de resposta. Com
base nas respostas do G PT-4o, foi calculado o percentual de perguntas validas (aquelas
que o LLLM conseguiu responder com base no contexto) e invédlidas (as que nio pude-
ram ser respondidas) para cada modelo avaliado. Deste modo, foi possivel analisar se
as perguntas geradas foram relevantes ao contexto, ainda que diferentes da pergunta de
referéncia. Embora esta andlise seja automatizada, foi realizada uma inspe¢do manual em
amostras das saidas do G PT'-4o para verificar sua confiabilidade. Foi observado que, em
geral, o LLM identificava corretamente as perguntas vélidas e invélidas.

4. Resultados

Na Tabela 2 s@o apresentados os resultados dos experimentos, considerando os cenérios
1 e 2, com base nas medidas de avaliacdo do ROUGE-L e BERTScore. No Cenério 1
(apenas contexto), 0 PTT5pqs € 0 PTT'5,4r4c apresentaram os melhores desempenhos
para as bases de dados do FairyTaleQA e PIRA, respectivamente. No Cendrio 2 (contexto
e resposta esperada), o PT1'5,4,4c Superou os demais modelos em ambas as bases. Fica
evidente que os modelos PT'T'5 consistentemente obtiveram melhores resultados do que
os modelos F'LAN-T5 em ambos os conjuntos de dados e cendrios, sugerindo que o pré-
treinamento especifico em portugués confere vantagens na tarefa de geracio de perguntas.

Comparando os resultados obtidos em ambos os cendrios de avaliacao, observa-se
que os modelos apresentaram melhores desempenhos no Cendrio 2 em comparacdo com
o Cendrio 1. Isso acontece porque no Cendrio 2, como a resposta € dada como entrada, ela
guia os modelos a gerarem perguntas para aquele contexto e resposta. Assim, a pergunta
gerada precisa ser semanticamente equivalente a pergunta de referéncia. Tal situagdo ndo
ocorre no Cenadrio 1, ja que € somente dado o contexto como entrada e, para um mesmo
contexto, € possivel gerar diversas perguntas vdlidas. Por isso, para melhor avaliar o
Cenario 1, foram realizadas as analises usando o modelo G PT-4o.

Na Tabela 3 s@o apresentados os resultados da avaliacio dos modelos no Cenario
1 usando o GG PT-40. Os resultados obtidos apresentam um padrdo similar ao primeiro ex-

4O prompt usado est4 disponivel no repositério do projeto.
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Tabela 2. Resultados dos experimentos nos cenarios 1 e 2.

Cenario | Base de Dados Modelo ROUGE-L | BERTScore
PTT55mal 0,2491 0,3976
PTT554se 0,2699 0,4137
) PTT5 . ar0e 0,2668 0,4093
FairyTaleQA | 1oy A N5 Sfml . 0,2412 0,3469
FLAN-T5gase 0,2497 0,3590
. FLAN-T5L0rge 0,2354 0,3448
PTT55mall 0,2109 0,2982
PTT5Base 0,2266 0,3265
PIRA PTT5Large 0,2280 0,3449
FLAN-T55manl 0,1581 0,2099
FLAN-T5Basc 0,1723 0,2404
FLAN-T5Large 0,2219 0,2988
PTT55mall 0,4230 0,5429
PTT5B0s0 0,4786 0,5906
) PTT5ar0e 0,4938 0,6057
FairyTaleQA | o7 A n_T5 Sfml . 0,3190 0,4203
FLAN-T5gase 0,3672 04611
5 FLAN-T5[,4rge 0,3810 0,4884
PTT55mall 0,2625 0,3635
PTT5Base 0,3506 0,4505
PIRA PTT5Large 0,3640 0,4656
FLAN-T55mall 0,1680 0,2220
FLAN-T5Base 0,1934 0,2579
FLAN-T5Large 0,2620 0,3257

perimento, mas com algumas diferencas importantes. O PT7'514,4. Obteve o melhor de-
sempenho em ambas as bases de dados, com 82,32% das perguntas geradas sendo consi-
deradas validas no FairyTaleQA e 93,06% no PIRA. E possivel observar uma divergéncia
entre as medidas autométicas e a avaliacio G PT-4o, particularmente no PIRA. Enquanto
as medidas do ROUGE-L e BERTScore indicaram valores menores para o PIRA em
comparagdo com o FairyTaleQA, a avaliacdo G PT-40 mostrou uma tendéncia oposta,
com percentuais mais altos de perguntas vélidas no PIRA.

Tabela 3. Resultados da avaliagao do Cenario 1 usando o GPT-4o.

Base de Dados Modelo Valida | Invalida | % Valida
PTT55mall 630 327 67,53
PTT5Bose 726 281 72,10
. PTT5ar0e 829 178 82,32
FairyTaleQA | pop /N s 1 451 556 44,79
FLAN-T5p4. | 525 482 52,14
FLAN-T5Large | 719 288 71,40
PTT5small 135 81 62,50
PTT5Bose 199 17 92,13
] PTT5 000 201 15 93,06
PIRA FLAN-T5e.0n | 122 94 56,48
FLAN-T5pps | 138 78 63,89
FLAN-T5p4rg | 197 19 91,20

Na Figura 2 é apresentado um exemplo extraido da base de dados do PIRA, con-
tendo o contexto, as perguntas geradas pelos modelos P7T'5 e a saida da andlise usando o
G PT-40. Nesse exemplo, é possivel ver que os modelos PTT5;4,4c € PTT5p4s foram
capazes de gerar perguntas que podem ser respondidas pelo contexto, sendo assim consi-
deradas vdlidas. Por outro lado, 0 modelo PT"T'5g,,,; gerou uma pergunta confusa sobre
a Petroleo Brasileiro SA nao ter comentado sobre a estimativa de produgdo revisada. Ape-
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sar de ser mencionado no contexto, nao estd explicito nele o porqué disso. Sendo assim,
considerada invdlida pela avaliagdo do G PT-4o.

Contexto: O BG GROUP produziu recentemente uma nova estimativa na descoberta de 6leo de
Tupi na Bacia de Santos, afirmando que o campo contém 12-30 bilhdes boe ou mais. Por um
lado, a Petroleo Brasileiro SA de Petréleo (Petrobras) ndo comentou sobre a estimativa de producéo
revisada. Pode-se lembrar que a Petrobras relatou a descoberta para ser de 8 bilhdes bbl de luz
em bruto em 2007. Enquanto isso, alegacdoes de BG foram produzidas em uma declaragdo sobre
a estratégia de crescimento a longo prazo da empresa, lancada a frente da apresentacdo de seus
resultados do quarto trimestre.

PTT5g,qu: Por que a Petroleo Brasileiro SA de Petréleo (Petrobras) ndo comentou sobre a esti-
mativa de produgao revisada?
Avaliaciio: INVALIDA.

PTT5puse: Qual foi a estimativa do BG Group para a descoberta de 6leo de Tupi na Bacia de
Santos?
Avaliacio: VALIDA.

PTT54rge: Qual a estimativa do BG Group para a quantidade de 6leo de Tupi na Bacia de Santos?
Avaliaciio: VALIDA.

Figura 2. Exemplo de contexto extraido do PIRA e perguntas consideradas
validas e invalidas pelo G PT-40.

5. Consideracoes Finais e Trabalhos Futuros

Neste trabalho, foi realizada uma andlise comparativa dos modelos PTT5 e FFLAN-T5
para a tarefa de geracdo automdtica de perguntas. Para isso, foram utilizadas as bases de
dados do PIRA e uma versdo traduzida do FairyTaleQA para o portugués do Brasil. O
desempenho dos modelos foi avaliado usando uma abordagem tradicional, considerando
as medidas de avaliagdo do ROUGE-L e do BERTScore. Além dessa abordagem, foi re-
alizada uma andlise das perguntas geradas pelos modelos usando o G PT-40, avaliando
se as perguntas geradas poderiam ser respondidas somente a partir do contexto fornecido.
Os resultados experimentais demonstraram que o modelo PT7T'5,4,4. Obteve os melhores
resultados em quase todos os cendrios avaliados. Os resultados obtidos indicam a eficicia
do pré-treinamento especifico em portugués, evidenciada pelo desempenho superior con-
sistente dos modelos P7"T'5 em comparagdo com os modelos F'LAN-T'5.

Apesar dos resultados encorajadores obtidos, o trabalho apresenta diversas
limitagdes, que serdo melhor exploradas. Dentre elas, pode-se destacar duas li-
nhas de pesquisa futuras: (i) investigar o desempenho de LLMs, como o Llama 3
[Touvron et al. 2023], Gemma [Team et al. 2024] e Sabia [Almeida et al. 2024]; e (ii) re-
alizar uma avaliacdo humana para complementar as avaliagcdes automaticas realizadas.
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Abstract. Automatic text summarization aims to generate a summary that cap-
tures the most relevant information from one or more textual documents.
Although there have been significant advances in this field, research on docu-
ments written in Brazilian Portuguese remains limited. This article provides an
analysis of various summarization approaches, ranging from classical baseli-
nes to extractive methods, including the fine-tuning of different architectures of
the PPT5 and FLAN-T5 and the use of large language models for abstrac-
tive summarization. Experiments were conducted using three datasets of news
articles written in Portuguese. The results showed that the models fine-tuned
for the abstractive summarization achieved competitive performance based on
ROUGE-L and BERTScore when compared to larger models like GPT-4o.

Resumo. A sumariza¢do automdtica de texto tem como objetivo a criagdo de
um resumo com as informacées mais relevantes extraidas de um ou mais do-
cumentos textuais. Apesar dos avancos obtidos na drea, pesquisas envolvendo
documentos escritos em portugués do Brasil ainda sdo escassas. Este artigo
apresenta uma andlise envolvendo diferentes abordagens de sumarizacdo, desde
baselines cldssicas, passando por sistemas extrativos, o ajuste fino de diferen-
tes arquiteturas dos modelos PPT5 e FLAN-T5, até o uso de modelos de
linguagem de larga escala para sumariza¢do abstrativa. Experimentos foram
realizados considerando trés bases de dados de artigos de noticias escritas em
portugués. Os resultados demonstraram que os modelos ajustados para a ta-
refa de sumarizacdo abstrativa obtiveram resultados competitivos com base nas
medidas do ROUGE-L e do BERTScore com modelos maiores, como o GPT-4o.

1. Introducao

A crescente demanda por informagdes impulsiona o desenvolvimento de tecnologias ca-
pazes de processar e sintetizar grandes volumes de dados de forma répida e eficiente. Em
um cendrio em que a produ¢do de contetido digital online € cada vez mais abundante,
torna-se cada vez mais desafiador para os leitores acompanhar todas as noticias relevantes
[Levitin 2014, Zhang et al. 2024]. Nesse contexto, sistemas de Sumarizacao Automaética
de Texto (SAT) podem ser ferramentas tteis para auxiliar os usudrios, oferecendo a ca-
pacidade de gerar resumos concisos que capturam as informacdes mais relevantes de um
texto ou de multiplos documentos relacionados, permitindo uma assimilagdo mais rapida
do conteudo [Lin and Ng 2019, Zhang et al. 2022].
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A SAT € uma drea de pesquisa em Processamento de Linguagem Natural
(PLN) que busca gerar resumos de documentos textuais de forma automdtica. Exis-
tem duas abordagens principais para a tarefa de SAT: a Extrativa e a Abstrativa
[Nenkova and McKeown 2012]. A sumarizacdo extrativa seleciona as frases mais re-
levantes diretamente do texto original para compor o resumo, enquanto a sumariza¢do
abstrativa envolve a reescrita do conteido de forma mais condensada e frequentemente
utiliza técnicas de geracdo de linguagem natural, sendo capaz de criar novas frases que
nao necessariamente aparecem no texto original [Zhang et al. 2022]. A sumarizagdo pode
ser aplicada tanto a um unico documento (monodocumento) quanto a um conjunto de do-
cumentos (multidocumento).

Nos ultimos anos, houve uma mudanca no foco das pesquisas na area de SAT
das abordagens extrativas para as abstrativas [Lin and Ng 2019]. Essa mudanca foi im-
pulsionada pelo desenvolvimento de algoritmos baseados em redes neurais profundas,
especialmente na arquitetura Transformer [Vaswani 2017], capazes de geracdo de lingua-
gem natural. Assim, diversas abordagens surgiram usando modelos neurais pré-treinados
e, mais recentemente, modelos de linguagem de larga escala, do inglé€s Large Language
Models (LLMs) [Zhang et al. 2022]. Contudo, apesar dos resultados promissores usando
essas abordagens neurais, elas impdem diversos desafios, como a necessidade de grandes
bases de dados para treinamento e demandam muitos recursos computacionais. Apesar
dos avancos na drea, a maioria das pesquisas tem como foco a lingua inglesa, e poucos
estudos tém sido dedicados ao portugués, especialmente para a sumarizagdo abstrativa
[Zhang et al. 2022]. Essa lacuna limita a aplicabilidade de sistemas de sumarizacao au-
tomaticos projetados especificamente para o portugués, que enfrenta a auséncia de mode-
los e bases de dados para suportar essas pesquisas [Paiola et al. 2024].

Este artigo busca contribuir para o desenvolvimento da tarefa de SAT em por-
tugués do Brasil por meio de uma investigacao de algoritmos de sumarizacdo aplicados
a artigos de noticias. O estudo abrange desde o uso de sistemas extrativos, comumente
usados como baselines de comparagdo, o ajuste fino dos modelos PTT5 e FLAN-T5
para sumarizacao abstrativa, até o uso de LLMs de codigo aberto e proprietarios, como
o0 GPT4-0!, Llama 3 [Touvron et al. 2023] e o Gemma [Team et al. 2024]. Para isso, fo-
ram realizados experimentos em trés bases de dados, o Temdrio e Recognnasum para a
tarefa de sumarizagdo monodocumento e o CSTNews para sumarizagdo multidocumento.
O desempenho dos modelos foi avaliado usando as medidas de avaliagdo autométicas do
ROUGE-L e BERTScore, que sdo usualmente adotadas na literatura.

Os cddigos desenvolvidos e os resumos gerados neste trabalho estdo publicos em
https://github.com/laicsiifes/benchmark_ptbr_summ.

2. Trabalhos Relacionados

A literatura da area de SAT ¢ vasta e existem diversos surveys que fornecem uma visao
ampla do desenvolvimento da area desde a sua origem [Nenkova and McKeown 2012,
Lin and Ng 2019, Zhang et al. 2022]. Por limitacOes de espaco, esta secdo foca apenas
em trabalhos que envolveram documentos escritos em portugués ou que usaram técnicas
adotadas nos experimentos realizados neste estudo.

'https://openai.com/index/hello-gpt-40/
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Diversos indicadores de relevancia vém sendo explorados para a execugao da ta-
refa de sumarizagdo extrativa [Leite and Rino 2008, Oliveira et al. 2016a]. Em sua maio-
ria, esses indicadores baseiam-se em técnicas estatisticas, como frequéncia e centralidade,
ou em heuristicas, como a posi¢ao das sentengas nos documentos. O estudo conduzido
por Oliveira et al. [Oliveira et al. 2016a] avaliou diferentes técnicas para mensurar a re-
levancia de sentengas em tarefas de SAT de artigos jornalisticos em inglés. Os autores
analisaram os métodos individualmente e em combinacgao, utilizando-os como atributos
em algoritmos de classificacdo. Leite e Rino [Leite and Rino 2008] investigaram uma
abordagem combinando multiplas features e algoritmos de aprendizado de maquina para
a sumarizagdo extrativa de documentos em portugués.

No trabalho de Sodré e Oliveira [Sodré and de Oliveira 2019], os autores in-
vestigaram a estratégia de combinar alguns dos indicadores analisados por Oliveira et
al. [Oliveira et al. 2016a] e aplicaram algoritmos de regressdao para estimar um escore
de relevancia das sentencas na tarefa de sumarizacdo de artigos jornalisticos em por-
tugués. Gomes e Oliveira [Gomes and de Oliveira 2019] propuseram um sistema usando
Programacao Linear Inteira (PLI) para sumarizacdo extrativa multidocumento. O sistema
desenvolvido usa bigramas como conceitos e aplica métodos estatisticos tradicionais para
identificar as informagdes mais relevantes para a construcao do resumo.

Diferentemente dos trabalhos anteriores, Paiola et al. [Paiola et al. 2022] investi-
garam a tarefa de sumarizacdo abstrativa. Os autores usaram diversas bases de dados em
portugués (TeMario, CSTNews, WikiLingua e XL-Sum) e um sistema de traducdo para
aplicar modelos treinados em inglés. Em [Paiola et al. 2024], os autores apresentam a
base de dados do RecognaSumm, um conjunto de dados contendo mais de 135 mil arti-
gos de noticias para a tarefa de SAT. Os autores realizaram diferentes analises da base de
dados proposta e avaliaram o desempenho do modelo base do P71"7’5 para estabelecer um
desempenho de referéncia para comparagdes futuras.

Este trabalho busca expandir os anteriores ao realizar uma analise mais ampla con-
siderando trés bases de dados (Temario, RecognaSumm e CSTNews) para sumariza¢ao
monodocumento e multidocumento, além de envolver desde técnicas de sumarizacao ex-
trativas tradicionais de ponderacdo das frases assim como os usados nos trabalhos em
[Oliveira et al. 2016a, Sodré and de Oliveira 2019], adaptacao do sistema de PLI pro-
posto em [Gomes and de Oliveira 2019], ajuste fino e avaliacdo de diferentes tamanhos
de arquiteturas (small, base e large) dos modelos PT'T5 e FLAN-T5 e o uso de LLMs
de c6digo aberto (Llama3 e Gemma?2) e proprietarios (G PT-3.5 e GPT-40).

3. Materiais e Métodos

3.1. Bases de Dados

Neste trabalho, foram utilizadas trés bases de dados comumente usadas na literatura para
a tarefa de SAT no dominio de artigos de noticias escritas em portugués.

TeMario. Esse conjunto de dados é formado por 100 textos jornalisticos, prove-
nientes da Folha de S.Paulo e do Jornal do Brasil. Os artigos, que abordam uma variedade
de temas, foram selecionados por sua linguagem clara e objetiva. Todos os textos pos-
suem resumos elaborados por um especialista, o que garante a qualidade dos resumos de
referéncia [Pardo and Rino 2003].
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CSTNews. Essa base de dados € formada por 50 conjuntos de noticias, cada um
com aproximadamente quatro artigos sobre 0 mesmo tema, coletados manualmente em
sites de noticias como Folha de Sdo Paulo e Estaddo. Essa abordagem permitiu a sele¢ao
de noticias com linguagem clara e acessivel, provenientes de diferentes fontes sobre um
mesmo assunto [Cardoso et al. 2011].

RecognaSumm. Com o objetivo de construir um conjunto de dados robusto para
estudos de sumarizacdo de textos, Paiola et al. [Paiola et al. 2024] coletaram 135.272 ar-
tigos de noticias usando sistemas de web crawlers personalizados. A diversidade temética
dos artigos foi garantida pela coleta de dados em diferentes portais de noticias e catego-
rias. A base de dados € dividida em trés subconjuntos: treinamento, validacdo e teste.
Por conta de limitagdes de hardware, foi feita uma filtragem no conjunto de treinamento,
sendo removidos os artigos com resumos contendo menos do que 25 palavras.

Na Tabela 1 sdo apresentadas algumas estatisticas das bases de dados usadas nos
experimentos. Para cada base, foi computado o total de documentos ou grupos, média e
Desvio Padrao (DP) de frases e palavras no texto dos artigos.

Tabela 1. Estatisticas das bases de dados usadas nos experimentos.

Base de Dados | Conjunto | Docs / Grupos | Média (DP) Frases | Média (DP) Palavras
TeMario Unico 100 32,4 (10,38) 618,67 (163,93)
CSTNews Unico 50 47,06 (19,47) 939,56 (331,42)
Treino 64.347 27,07 (24,82) 527,33 (468,38)
RecognaSumm | Validacdo 21.538 26,73 (24,15) 519,91 (458,68)
Teste 21.493 27,05 (24,88) 526,41 (470,02)

3.2. Modelos de Sumarizacao
Os seguintes modelos de sumarizagao foram investigados:

Baselines. Foram utilizadas como baselines oito técnicas de ponderagdo de
frases [Sodré and de Oliveira 2019]. As técnicas utilizadas foram: Bushy Path, Cen-
tralidade das Frases, Frequéncia de Palavras, Frequéncia de Entidades Nomeadas,
Frequéncia do Termo - Frequéncia Inversa das Sentencas (TF-ISF), Posicdo das Fra-
ses, Similaridade Agregada, TextRank. Essas técnicas foram usadas em conjunto
com uma abordagem cldssica de sumarizacdo extrativa composta por trés etapas
[Nenkova and McKeown 2012]:

* Pré-processamento: O documento ou grupo de documentos de entrada é pré-
processado usando vérias técnicas tradicionais de PLN, como divisao do texto em
frases, palavras, lematizagdo, identificacdo das classes gramaticais e reconheci-
mento de entidades nomeadas.

* Ponderacao das frases: Nesta etapa, cada uma das oito técnicas de ponderacdo
de frases € aplicada para analisar cada frase do(s) documento(s) de entrada e gerar
um valor que deve refletir sua relevancia para ser incluido no resumo. Todos os
valores gerados sao normalizados no intervalo de O a 1.

* Geracao de resumo: As frases com os maiores valores de relevincia gera-
das na etapa anterior sao inseridas iterativamente no resumo até que o tamanho
méaximo desejado seja atingido. Uma nova frase € inserida no resumo somente
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se sua similaridade de cosseno com as frases ji inseridas for menor que 0,5
[Nenkova and McKeown 2012].

Sistema de PLI. Foi utilizado o sistema de PLI proposto por Gomes e Oliveira
[Gomes and de Oliveira 2019] para sumarizagao multidocumento e uma adaptacao de um
sistema similar apresentado em [Oliveira et al. 2016b] para a tarefa de sumarizacdo mo-
nodocumento.

Modelos Pré-treinados. Foram utilizados os modelos P75 [Carmo et al. 2020]
e FLAN-T5 em suas arquiteturas small, base e large, que se diferenciam pelo tama-
nho da arquitetura. O PTT'5 € uma versdao em portugués do modelo de linguagem 75,
pré-treinado no BrWac, um grande corpus de paginas da web em portugués brasileiro.
O FLAN-T5 é um modelo multilingue desenvolvido pela google que foi treinado para
multiplas tarefas de PLN [Chung et al. 2024].

LLMs. Os recentes avancos no progresso de LLMs t€m impulsionado o de-
senvolvimento de diversas aplicacdes. Neste trabalho, foram utilizados os modelos:
Gemma 2 9B [Team et al. 2024], o Llama 3.1 8B [Touvron et al. 2023] e os modelos
Text-davinci-003, GPT-3.5 Turbo, GPT-40 e GPT-40 mini desenvolvidos pela empresa
OpenAl [OpenAl 2024].

3.3. Desenho Experimental

A andlise de desempenho dos modelos de sumarizagao foi dividida em dois experimentos.
No primeiro experimento, foi utilizada somente a base de dados do RecognaSumm, sendo
considerados os sistemas extrativos (baselines e o sistema de PLI) e foram treinados seis
modelos de sumarizagdo abstrativos baseados no PTT5 e FLAN-T5. O segundo ex-
perimento foi realizado usando as bases de dados do Teméario e CSTNews. Para esse
experimento, foram usados os sistemas extrativos (baselines e o sistema de PLI), os mo-
delos abstrativos baseados no PTT5 e FFLAN-T5 treinados no primeiro experimento
e os modelos de LLMs. Em todas as abordagens avaliadas, foi configurado o tamanho
maximo de resumo para 150 palavras.

Para os métodos de baselines e o sistema de PLI foram usadas implementagdes
proprias. Os modelos da OpenAl foram acessados usando a API oficial disponibilizada
pela empresa. A implementagao dos modelos PTT'5, FLAN-T5 e dos LLMs do Gemma
2 9B e Llama 3.1 8B foi baseada na biblioteca Transformers* e foram usados os modelos
pré-treinados disponibilizados publicamente pelos autores e empresas na plataforma do
Hugging Face®. Para o ajuste fino das trés arquiteturas dos modelos PTT5 e FLAN-T5,
o tamanho maximo de entrada foi definido para 512 tokens e o tamanho méximo do re-
sumo a ser gerado foi configurado para 150 fokens. Os modelos foram ajustados por no
maximo 20 épocas, sendo utilizada a estratégia de parada antecipada com uma paciéncia
de 5 épocas. Para evitar sobreajuste dos modelos, foi feito um monitoramento do treina-
mento, no qual, ao final de cada época, o modelo resultante é aplicado no conjunto de
validacdo e é computada a medida do ROUGE-L, sendo armazenado somente o modelo
com maior valor. Para a geracdo dos resumos, foi usado o algoritmo de decodificacdo do
Beam Search com tamanho 5 de largura.

https://huggingface.co/docs/transformers/index
Shttps://huggingface.co/



Baseado no trabalho de [Zhang et al. 2024], o seguinte prompt foi usado nos
LLMs para geragio dos resumos: “Escreva um resumo em PORTUGUES DO BRASIL
para o artigo de noticias a seguir com no MAXIMO 150 palavras. ARTIGO: {TEXTO}.”,
onde {TEXTO} foi substituido pelo conteiido completo do(s) artigo(s) de noticias.

O desempenho dos modelos foi avaliado utilizando as medidas de avaliagdo do
Recall-Oriented Understudy for Gisting Evaluation Longest Common Subsequence (LCS)
(ROUGE-L) [Lin 2004] e a do BERTScore [Zhang et al. 2019]. O ROUGE-L computa a
maior cadeia em comum entre um resumo candidato e o resumo de referéncia, enquanto
o BERTScore calcula a similaridade do cosseno entre dois textos usando representacoes
de embeddings extraidas do modelo Bidirecional Encoder Representations from Trans-
formers (BERT) [Devlin et al. 2019]. Por questdes de espaco, sdo reportados somente a
métrica do f1-score, que combina as métricas de precisdo e revocacdo. Apesar de terem
diversas limitagcdes, essas medidas sdo alternativas vélidas a realizagao de avaliagcdes ma-
nuais e, conforme andlise feita em Zhang et al. [Zhang et al. 2024], elas apresentaram
correlagdo moderada com avalia¢cdes humanas na tarefa de sumarizagao.

4. Resultados

4.1. Experimento na base de dados do RecognaSumm

Na Tabela 2 s@o apresentados os resultados dos experimentos na base de dados do Re-
cognaSumm. Analisando o desempenho dos baselines, pode-se observar que a técnica
da Posicdo das Frases fol a que obteve os melhores resultados. Essa técnica consiste
em selecionar as n primeiras frases do documento para compor o resumo até que o ta-
manho méaximo do resumo desejado seja alcancado. Essa técnica tem sido um dos ba-
selines mais competitivos para sumarizagdo de artigos de noticias [Oliveira et al. 2016a].
O sistema baseado em PLI obteve melhor desempenho do que quase todos os baselines,
com excec¢do da Posicdo das Frases. Os modelos PTT5 e FLAN-T5 demonstraram
melhor desempenho geral do que as demais abordagens analisadas. Em especial, os me-
lhores desempenhos neste experimento foram obtidos pelos modelos F'LAN-T5,4rge €
PTT514rgc em ambas as medidas de avaliagdo. Os resultados obtidos usando a arquite-
tura base foram muito proximos as arquiteturas da large, sendo que eles sdo menores e
consomem menos recursos computacionais.

Com base nos resultados, fica evidente que os modelos ajustados para sumariza¢ao
abstrativos geraram resumos melhores do que as técnicas de baselines e que o sistema ex-
trativo de PLI nas medidas do ROUGE-L e BERTScore. Essa superioridade demonstra a
eficacia dos modelos PTT5 e FLAN-T5 para a tarefa de geragdao de resumos abstrati-
vos. Entretanto, ao considerar o uso desses modelos, é importante levar em conta o custo
computacional associado a cada um, tanto para o treinamento quanto para a geracao dos
resumos. Portanto, a relacdo custo-beneficio deve ser ponderada na escolha da aborda-
gem, especialmente em cendrios com recursos computacionais limitados.

4.2. Experimento nas bases de dados do Temario e CSTNews

A Tabela 3 apresenta os resultados do experimento nas bases de dados do TeMdrio e
CSTNews. As abordagens avaliadas incluem os métodos de baselines, o sistema extra-
tivo usando PLI, os modelos do PTT5 e FLAN-T5 treinados no RecognaSumm e os
LLMs analisados. Os resultados obtidos neste experimento foram bastante diversificados.
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Tabela 2. Resultados do experimento usando o corpus RecognaSumm.

Abordagem ROUGE-L | BERTScore

Bushy Path 0,249 (0,086) | 0,691 (0,037)

Centralidade das Frases 0,249 (0,087) | 0,690 (0,038)

Frequéncia de Palavras 0,240 (0,085) | 0,686 (0,038)

Baselines Freq. Entidades Nomeadas | 0,242 (0,088) | 0,681 (0,038)
Posi¢ao das Frases 0,279 (0,099) | 0,701 (0,040)

Similaridade Agregada 0,249 (0,085) | 0,689 (0,039)

TextRank 0,206 (0,072) | 0,674 (0,034)

TF-ISF 0,235 (0,084) | 0,684 (0,037)

Extrativo Sistema PLI 0,270 (0,095) | 0,694 (0,038)
PTT5small 0,315 (0,125) | 0,713 (0,045)

PTT5p4se 0,337 (0,132) | 0,722 (0,045)

. PTT510rge 0,346 (0,134) | 0,726 (0,046)
Abstrativos FLAN T5gom 0,314 (0,130) | 0,714 (0,045)
FLAN-T5B4se 0,338 (0,140) | 0,724 (0,048)

FLAN-T5pqrge 0,349 (0,143) | 0,729 (0,048)
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Na base de dados do Temario, os modelos Text-davinci-003 e GPT-40 obtiveram o me-
lhor desempenho nas medidas do ROUGE-L e BERTScore, respectivamente. Na base do
CSTNews, o baseline de Posicdo das Frases apresentou o melhor resultado no ROUGE-L
e o GPT-3.5 Turbo no BERTScore.

Tabela 3. Resultados do experimento usando o Temario e o CSTNews.

Abordagens Sistema Temario CSTNews
ROUGE-L BERTScore ROUGE-L BERTScore
Bushy Path 0,396 (0,069) | 0,694 (0,024) | 0,447 (0,067) | 0,720 (0,029)
Cent. das Frases | 0,384 (0,063) | 0,690 (0,025) | 0,454 (0,066) | 0,723 (0,031)
Freq. de Palavras | 0,375 (0,069) | 0,686 (0,023) | 0,452 (0,063) | 0,721 (0,029)
Baselines Freq. Ent. Nom. | 0,389 (0,076) | 0,683 (0,024) | 0,434 (0,068) | 0,705 (0,032)
Posi¢do das Frases | 0,402 (0,070) | 0,686 (0,022) | 0,482 (0,047) | 0,733 (0,024)
Sim, Agregada 0,390 (0,070) | 0,696 (0,025) | 0,419 (0,050) | 0,712 (0,024)
TextRank 0,350 (0,059) | 0,685 (0,021) | 0,415 (0,060) | 0,709 (0,027)
TF-ISF 0,379 (0,072) | 0,685 (0,024) | 0,451 (0,061) | 0,718 (0,032)
Extrativo Sistema PLI 0,396 (0,065) | 0,687 (0,023) | 0,477 (0,049) | 0,736 (0,033)
PTT5sman 0,348 (0,064) | 0,679 (0,024) | 0,393 (0,065) | 0,713 (0,031)
PTT5p4se 0,346 (0,062) | 0,681 (0,023) | 0,384 (0,055) | 0,712 (0,028)
Abstrativos PTT54rge 0,339 (0,062) | 0,678 (0,025) | 0,385 (0,055) | 0,715 (0,026)
FLAN-T59mqu | 0,241 (0,053) | 0,654 (0,021) | 0,304 (0,070) | 0,700 (0,027)
FLAN-T5g4s | 0,242 (0,048) | 0,658 (0,022) | 0,290 (0,064) | 0,700 (0,033)
FLAN-T5p4rge | 0,225(0,049) | 0,654 (0,021) | 0,294 (0,070) | 0,696 (0,033)
Gemma 2 9B 0,354 (0,046) | 0,690 (0,020) | 0,383 (0,034) | 0,717 (0,023)
Llama 3.1 8B 0,320 (0,037) | 0,671 (0,019) | 0,338 (0,037) | 0,699 (0,026)
Text-davinci-003 | 0,424 (0,075) | 0,705 (0,027) | 0,472 (0,048) | 0,738 (0,029)
LLMs GPT-3.5 Turbo 0,402 (0,074) | 0,705 (0,025) | 0,455 (0,061) | 0,740 (0,025)
GPT-40 0,417 (0,062) | 0,713 (0,025) | 0,452 (0,043) | 0,731 (0,023)
GPT-40 Mini 0,402 (0,059) | 0,705 (0,021) | 0,444 (0,039) | 0,730 (0,023)

Os métodos de baselines, o sistema extrativo baseado em PLI e os LLMs apresen-
taram resultados proximos com base nas medidas de avaliagdo. Por outro lado, os mo-
delos ajustados do PTT5 e FLAN-T5 demonstraram desempenho inferior aos demais,
especialmente os modelos do FFLAN-T'5. Esse baixo desempenho pode ser atribuido ao



fato desses modelos consistentemente gerarem resumos com tamanhos bem inferiores aos
demais, mesmo sendo definido um tamanho maximo de 150 palavras. Essa caracteristica
aconteceu por conta do treinamento desses modelos no Recognasumm, que possui resu-
mos de referéncia bem menores do que os do Temario e do CSTNews.

Apesar dos resultados quantitativos serem proximos, ao analisar os resumos gera-
dos pelas abordagens extrativas e abstrativas, fica evidente que os resumos extrativos, em
geral, possuem muitas informacdes contidas nos resumos de referéncias, mas os resumos
possuem diversos problemas de coeréncia e coesdo textual. Por outro lado, os resumos
abstrativos sdo mais sucintos e, em sua maioria, apresentam uma boa qualidade textual
em termos de coeréncia, coesdo e estrutura ortografica e gramatical. Os LLMs do Gemma
2 9B e do Llama 3.1 8B apresentaram uma tendéncia de terminar de forma brusca os re-
sumos, por exemplo, no meio de uma frase. Cabe ressaltar que nenhum LLM foi ajustado
para a tarefa de sumarizacao.

Por fim, é importante enfatizar que os LLMs, como Gemma, Llama e especial-
mente os modelos da OpenAl, possuem um custo consideravelmente maior do que os
demais modelos avaliados neste trabalho. Essa caracteristica deve ser considerada em
aplicagdes préticas, na qual a relagdo custo-beneficio é determinante. Nesse contexto,
abordagens extrativas, como o sistema baseado PLI ou mesmo os baselines, podem ofe-
recer uma alternativa que equilibra desempenho com menor custo computacional. Em
cendarios com recursos computacionais moderados, os modelos ajustados do PT7T5 e
FLAN-T5 podem ser as melhores opgdes.

5. Conclusoes

Este trabalho apresentou uma andlise comparativa de vérias abordagens para sumariza¢ao
automatica de texto, considerando desde tradicionais métodos de ponderacdo de frases
até modelos de linguagem de grande escala, para sumarizagao abstrativa e extrativa de
artigos de noticias escritas em portugués do Brasil. Essa avaliacdo fez uso de trés bases
de dados e de duas medidas de avaliagdao automatica comumente usadas na literatura. Os
resultados obtidos demonstram que os modelos de LLMs sdo promissores para a tarefa
de criacdo automdtica de resumos, mas sao sistemas com uma alta complexidade que
requerem muitos recursos computacionais. Portanto, modelos especializados para a tarefa
de sumarizacdo ou sistemas extrativos ainda podem ser opcoes vidveis, especialmente em
cendrios de poucos recursos.

Em trabalhos futuros, pretendemos expandir este trabalho visando: (i) analisar
o desempenho de modelos de LLM de cédigo aberto, considerando diferentes cendrios
de utilizagcdo, como zero shot-learning, few-shot learning e fazendo o ajuste fino desses
modelos para a tarefa de sumarizacio; e (ii) realizar uma avaliacdo manual de um sub-
conjunto dos resumos gerados para complementar as andlises automaticas.
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Abstract. Ensuring the viability of large language models (LLMs) in situations
requiring data privacy with limited on-premise resources is a significant current
challenge. This work investigates how to tackle this challenge using knowledge
graphs (KGs) and reinforcement learning (RL) to enhance minor LLMs by re-
ducing non-factual responses and response gaps. We evaluated variations of
GPT (4o, 4, and 3.5), Llama2 (7b, 13b, and 70b), and Llama3 (8b and 70b) for
multi-label classification and information extraction, with or without KG and
RL, and also fine-tuned a BERT model. Llama3 8b combined with KG and RL
outperformed all other LLM models, and the fine-tuned BERT model too.

1. Introduction

Large language models (LLMs) such as GPT [Liu et al. 2023]], Llama [Gao et al. 2023]],
and Gemini [Team et al. 2023]] are increasing their parameter count with each new re-
lease, for performance gains [Xue et al. 2024]]. Nevertheless, this technology, usually
available in the clouds of large private corporations, remains out of reach for many compa-
nies and projects that need to operate on local servers [Yao et al. 2024], due to high costs
and regulations like the General Data Protection Law (LGPD) [Erickson 2018]. These
enterprises could rely on open-source models with many parameters, but their computa-
tional requirements are too high to run on-premises [Alizadeh et al. 2023].

Nowadays, there is a subtle research movement towards smaller open-source
LLMs [Shridhar et al. 2023, |Shen et al. 2024], and an intense pursuit of optimization
strategies. A promising direction is Retrievable Augmented Generation (RAG) using a
Knowledge Graph (KG) to add relevant formal knowledge to LLMs [Pan et al. 2023].
This approach has been tested in various tasks, including fake news detection
[Liu et al. 2024]], text classification [Shi et al. 2023]], and refined node classification in
citation graphs and networks [Bruno et al. 2023) |He et al. 2023]]. In the biomedical do-
main, these solutions have been applied in recommendation systems and drug-gene in-
teraction studies [Xu et al. 2024, Wang et al. 2023|], as well as in recruiting for clinical
studies [Guan et al. 2023]]. However, there are still few concrete examples demonstrating
consistent performance gains by using approaches like Graph-RAG [Pan et al. 2023]] in
typical machine learning tasks, such as multi-label classification or information extrac-
tion, especially when using open-source LLMs.

This article contributes to filling this research gap by evaluating the synergism
of KGs, reinforcement learning (RL) and LLMs. We compare the performance of rela-
tively small LLMs, like Llama2 (7b and 13b) and Llama3 (8b), with that of larger LLMs



like GPT (4, 40, and 3.5), Llama2 (70b), and Llama3 (70b), each one alone and com-
bined with the use of KGs and RL, in two tasks: (i) multi-label classification of reviews
posted by users of a food delivery app in multiple languages and their translations into
English, and (ii) information extraction from invoices of different types of backhoes. We
propose and evaluate alternative approaches for exploiting domain specific KGs to enrich
LLM prompts with relevant context. An RL agent validates responses, restricting them
to predefined labels, when available, and providing feedback to the models. It randomly
validates some LLM responses with their respective labels throughout the RL process.
We also fine-tuned and evaluated a BERT model for performing the same multi-label
classification, on the same datasets.

The main contributions of this article are: (i) a systematic evaluation of language
models, considering each LLM alone and assisted by a KG and/or an RL agent; (i1)
demonstrating the superiority of smaller, open-source models, like Llama3 8b, when com-
bined with KGs; (iii) showcasing the feasibility of feedback systems for language models;
and (iv) applying LLMs combined with KGs and RL in unexplored fields.

2. Proposed Approach

Figure 1|shows the architecture of our integrated Graph-RAG and RL system for LLMs,
designed to optimize responses in classification and information extraction tasks. The
process starts with a instruction sent to the Prompt Raising module, supplemented by
data from annotated corpora (e.g., a backhoe invoice). This module interacts with the
KG/vector management component to search the Knowledge Base for relevant context
by accessing the knowledge graph linked to the instruction. The retrieved context is then
integrated into the prompt, which the LLM uses to generate a response. The RL Agent
checks the LLM’s output against available labels(train data). If inaccuracies arise, feed-
back is given to the LLM, and interaction results are stored in the Results database.

Figure 1. Proposed process for using knowledge and RL to improve LLM results.
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2.1. Pre-production

In the pre-production phase, we focus on constructing KGs using domain-specific struc-
tured data sources. For example, in information extraction tests related to backhoe load-
ers, we use tables with product descriptions segmented into products, brands, and mod-
els. These are organized into a hierarchy of classes and subclasses, with connections
like “Product” connected by “offered by” to “Brand,” which in turn connects via “has”
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to “Model”. Once the structure is defined and validated, we generate embeddings for
the classes, subclasses, and connections using the BGE model [Chen et al. 2024]. The
graphs are then implemented in the Neo4j graph database, incorporating the generated
embeddings. These KGs stored in Neo4j serve as our Knowledge Base.

2.2. Prompt Raising

In the "Prompt Raising" phase, the system processes three inputs: the instruction, textual
descriptions on data management, and relevant information from the knowledge base.
The third input is obtained via two methods: Graph-RAG Targeted, retrieving highly
similar information, and Graph-RAG Comprehensive, gathering related classes and their
interrelationships without filters.

Embeddings are generated from the inputs using the BGE model, the same one
employed for knowledge graphs (KGs). Then, a similarity search compares these embed-
dings with the knowledge base using cosine similarity. The Graph-RAG Targeted method
identifies records with a cosine similarity above 85%, while the Graph-RAG Comprehen-
sive method retrieves all relevant classes, subclasses, and connections. For example, when
processing "3C OPEN CAB JCB BACKHOE LOADER" in a brand-related instruction,
Graph-RAG Targeted might indicate "97% probability for JCB and 3% for New Hol-
land," while Graph-RAG Comprehensive would provide broader insights such as "The
JCB brand includes models 3CX and 5SCX" and "New Holland covers models B95C and
B115C". Thus, as shown in Figure 2] the output of Prompt Raising consists of Instruction
and Output Indicator. The Input Data represents a textual description from Data Manage-
ment, and the Context, in this example, is Graph-RAG Targeted, which retrieved the data
with the highest cosine similarities from our Knowledge Base.

Figure 2. Graph-RAG-Enhanced Contextual Prompt for Information Extraction.

y You are tasked with extracting the brand from the product description.
@ Instruction What is the brand contained in the product description?

2> Input Data Product Description: 3C OPEN CAB JCB BACKHOE LOADER.

3 There is a 97% chance of the brand being JCB
and an 3% chance of it being New Holland.

4 Output Indicator Respond only with the brand name, no additional details.

2.3. LLM

We configure the LLM and invoke its API using an enriched prompt derived from the
Prompt Raising stage. Key parameters, like temperature and output token count, are ad-
justed. Temperature controls prediction randomness, with lower values yielding more
deterministic results and higher values increasing creativity. For classification and extrac-
tion tasks, we limit the output to fewer than 10 tokens. We employ models like Llama2
(7b, 13b, 70b) and Llama3 (8b, 70b) via the Deepinfra API, as well as GPT models (3.5,
4.0) via the OpenAl API. With the enriched prompt and optimal model settings, the API
is called to perform extraction or classification. For example, for the product description
“3C OPEN CAB JCB BACKHOE LOADER?”, the expected response would be “JCB”.

2.4. RL Agent

The RL Agent processes the output of the LLM model by checking if there is a corre-
sponding label in the database, as detailed in the enriched prompt. The annotated corpora
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include a percentage of pre-labeled data randomly distributed, and each new LLM output
is compared against these corpora. For example, if the LLM classifies a product descrip-
tion as "New Holland" for "JCB 3C OPEN CAB Backhoe Loader," the RL Agent searches
the annotated corpora to check if there is a label. If "New Holland" is correct or if there
is no existing label, the response is validated and stored; if incorrect, the agent provides
feedback suggesting the correct label. This process is repeated up to five times to correct
and reinforce the model’s learning. For classification tasks with predefined labels, the RL
Agent adopts a two-step validation process. First, it checks if the LLM’s classification
matches the predefined labels. If it doesn’t match, the agent provides feedback to align
the response with the established categories. In the second step, if the classification falls
within the categories, the Agent validates it against the associated label (if any).

3. Application Scenarios

3.1. Multi-label Classification of Food Delivery Reviews

In our first scenario, we analyzed a dataset of around 4,000 customer reviews
from a European food delivery app, ranging from O to 889 characters, available
in [Beckhauser and Fileto 2024]]. After removing duplicates and outliers, 3,451 reviews
remained. Approximately 80% are in European Portuguese, with the rest in English,
Spanish, Italian, and Catalan. Given the importance of English in LLM training, we
created a parallel dataset by translating all reviews into English using Googletrans, with
manual corrections for about 30 reviews. We then identified key terms for each label
by removing stop-words in multiple languages using nltk and spaCy and extracting fre-
quent words with the Counter library. For sentiment analysis, we used the SIEBERT
model [Hartmann et al. 2023]], which showed consistent performance, even when com-
pared to GPT-4 [Krugmann and Hartmann 2024]. Sentiment analysis results and dataset
details are summarized in Table [I1

We manually built a tree-like KG to categorize reviews, distinguishing be-
tween ‘“Product” (item-related) and “Order” (delivery/service-related). Subcategories like
“Quantity issue” and “Quality issue” under “Product,” and “Delivery issue” and “Praise
comment” under “Order” are further refined with specific keywords.

Table 1. Dataset review distribution by class, subclass, and sentiment.

Class Subclass | Description #Reviews %0 Pos. | Neg.

Product Quahty Issues with food preparation, 671 1944 | 26% | 749
issue taste, or hygiene.

Product Quantlty Dlssatlsfactlon w1.th the amount 605 1753 | 28% | 729
issue or size of the portions served.

Order | Detivery | Problems related to delays, - 1196 | 34.66 | 26% | 74%
issue wrong deliveries or missing items.

Order Praise Posmve comments about the 979 2837 | 98% | 2%
comment | quality of the service or product.

3.2. Information Extraction from Invoices

Our second application scenario involves a dataset of approximately 17,000 work machine
purchase invoice descriptions, including the Mercosur Common Nomenclature (NCM)
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and unit item values, provided by (blind review). The invoice descriptions range from 16
to 120 characters. Initially, we filtered the dataset using the NCM code, focusing on the
first four characters, specifically "8429," which covers bulldozers, graders, excavators,
and similar machinery. We then applied a keyword dictionary to identify relevant terms.
Backhoe loaders appeared most frequently, with around 1,100 descriptions, becoming the
primary focus of our experiments. This dataset lacked initial classifications, containing
only raw invoice descriptions. To facilitate future model validation, we manually cat-
egorized the data into predefined classes such as brand, model, and specifications. A
dictionary comprising brands, models, keywords, orthographic variations, acronyms, and
abbreviations was used, considering possible typographical errors. Fields not covered by
the dictionaries were manually completed, ensuring thorough validation of LLM outputs.

KGs for Backhoe Invoices. Figure 3| shows an extract of an ontology in KG for-
mat, centered on heavy machinery. It depicts the "Product’ concept, with ’Backhoe’ as a
subclass, linked to 16 brands via the "offered by" relation. Brands like "New Holland’ and
"JCB’ are highlighted, each connected to specific models through the "has" relation. For
instance, 'New Holland’ includes models like 'B110B’ and *'LB90,” while 'JCB’ offers
’4CX ECO’ and *3CX. In total, 68 models are represented.

Figure 3. KG extraction with concepts and relations from heavy machinery.

Product offered by —» Brand —— has —> Model

lsubclassof subclassOf subclassOf

New
‘ Holland B110B | (- LB9O

‘ JCcB 4CXECO 3cX

4. Experiments

In this section, we describe the experiments conducted for multi-label classification with
customer reviews, subsection 4.1, and information extraction experiments using back-
hoe invoice data, subsection 4.2l All datasets and models were tested in various distinct
scenarios: (1) classification or extraction using only the instruction and corpus, without
providing enriched context to the LLM; (2) using only the RL Agent; (3) adding a compre-
hensive search in the KGs, which returns all classes, subclasses, relationships, and leafs
as context; (4) using targeted context with similarity search above 85%, utilizing Graph-
RAG; (5) using Graph-RAG Comprehensive with RL; (6) using Graph-RAG Targeted
with RL. Additionally, for the multi-label classification experiments, we will conduct a
test with embeddings and fine-tuning using BERT. A more comprehensive description of
the experiments developed is available at GitHulﬂ

4.1. Multilabel Classification of Customer Reviews

In this subsection, we present the experiments conducted for multi-label classification.
The experiments are performed on two subsets of customer review data: the first contains

"https://github.com/WilliamBeckhauser/Boosting-not-so—-LLM
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reviews from customers in various languages, and the second comprises the same reviews
translated into English. Each dataset includes 3,451 reviews. We randomly selected 300
reviews from each label for the agent to use as a validator during the classification process,
resulting in 1,200 reviews used solely for reinforcement training on the model.

The BERT experiment tokenize reviews and split them into training and testing
datasets at an 80/20 ratio. We use BERT to produce embeddings and a training function
with an AdamW optimizer and a linear scheduler. To optimize hyperparameters, we set
up an objective function in Optuna, adjusting the learning rate, weight decay, and epochs.

English dataset: In these experiments, the Llama3 8b model, when combined
with Graph-RAG Comprehensive and an RL agent, achieved a 64.7% increase in cov-
erage compared to the “Base” experiment, the highest among all models and scenarios
(Figure ). Without Graph-RAG Comprehensive and the agent, coverage dropped dras-
tically to 27.2%. The Llama3 8b also excelled in precision (93.3%) and F1-Score (92%)
under the same conditions.

Figure 4. Multi-label classification of customer reviews in English.
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The GPT-40 model, when used solely with Graph-RAG Comprehensive, recorded
90.4% coverage, 89.1% precision, and an 89.1% F1-Score, outperforming its configura-
tion with agents, where these metrics were 72%, 71.1%, and 71% respectively. GPT-3.5
showed moderate stability, with 81.8% coverage, 84.5% precision, and 80.6% F1-Score
using Graph-RAG Comprehensive and agents. Without agents, these values only slightly
declined to 81.3%, 84.1%, and 80%. The Llama2 variants underperformed, particularly
the 13b version without agents. The Llama3 70b model improved in precision (92%)
and F1-Score (91%) with RL agents but showed reduced performance without them. The
BERT model achieved 79% precision and 76% F1-Score with general context and RL
agent conditions, but still lagged behind the Llama3 models.

Multilingual dataset: The coverage improvements were more modest for GPT-4
and GPT-40 models, with only a 0.2% increase, but they retained high accuracy (around
88-89%). Notably, Llama3 70b showed strong results in both contexts, with 90.1% cover-
age in the multilingual setting and consistently high precision across datasets. However,
in none of the scenarios did the multilingual dataset surpass the results achieved with
the English dataset, highlighting a clear performance gap. Smaller models like Llama2
13b particularly struggled in both datasets, especially in multilingual tests where coverage
remained low even with advanced techniques. The findings emphasize the superior adapt-
ability of larger models like LLlama3 and GPT-4 across languages, while smaller models
struggle to maintain effectiveness without additional enhancements.
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4.2. Information Extraction from Backhoe Invoices

Figure [5] shows that the Llama3 8b model, when operated with KGs and RL agents, dis-
plays a remarkable improvement in accuracy. Specifically, the accuracy increased from
a baseline of 52.18% to 95.7% when using Graph-RAG Targeted and RL Agent, demon-
strating an enhancement of 43.52%.

Figure 5. Information extraction from backhoe invoices.
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The Llama3 8b model achieved the highest accuracy of 95.7% and the greatest
accuracy improvement among the configurations, illustrating its strong synergy with KGs
and RL agents. Conversely, without these tools, its accuracy substantially decreases to
the baseline of 52.18%. For the Llama3 70b model, the highest accuracy reached was
97.21% with Graph-RAG Targeted and RL Agent, showing a slight accuracy increase
from its baseline of 79.93%. This model also exhibited the highest consistency across
different configurations. The GPT-40 model showed improvements as well, reaching an
accuracy of 86.48% with Graph-RAG Comprehensive and RL Agent, which is an in-
crease of approximately 7.25% over its baseline of 79.23%. These results highlight the
significant impact of utilizing KGs and RL agents in enhancing the performance of ma-
chine learning models, especially in tasks that involve complex document analysis such
as information extraction from backhoe invoices.

4.3. Discussion

This study aligns with the growing body of research exploring the potential of LLMs to
address NLP challenges. Although these models are capable of handling a wide range
of tasks without the need for specialized data, in more specific cases, they show signifi-
cant limitations due to the lack of fine-tuning, especially in smaller versions. LLMs face
substantial limitations in their reasoning abilities, particularly when dealing with tasks
involving multiple languages. In these scenarios, current LLMs still do not outperform
approaches that utilize RL, whether through techniques like Proximal Policy Optimization
(PPO), Trust Region Policy Optimization (TRPO), or Deep Deterministic Policy Gradient
(DDPG), which require deep model adjustments, making their application considerably
costly, or through RL techniques that provide textual feedback, as explored in this work.
Consequently, approaches like Graph-RAG or RL with textual feedback are more viable
in terms of cost and complexity.

The combination of Graph-RAG and RL, or even just one of these techniques, is
more relevant for smaller models, which benefit from instructions with context and more
detailed guidance, while larger models tend to perform better with more concise data or, in
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some cases, no additional data at all. Even with the application of techniques like Graph-
RAG, larger models maintain high effectiveness in English but exhibit performance drops
when applied to multilingual datasets.

5. Related Works

Recent studies combining LL.Ms with KGs have focused on models like OpenAI’s GPT-
3.5 and Meta’s Llama. GPT-3.5 has been applied in areas such as engineering ed-
ucation [Yang et al. 2023]], text classification [Shi et al. 2023]], and node classification
in graph structures [Lietal. 2024]]. GPT-4 has been used in recommendation systems
and biomedical studies [Xu et al. 2024, |Guan et al. 2023]]. Meta’s Llama2 models have
shown effectiveness in processing complex graphs, with applications in vision sys-
tems, academic databases, and digital news domains [Gouidis et al. 2024, [Hu et al. 2024,
Wu et al. 2024]. Chain of Thought (CoT) prompting and GNN techniques have also
been integrated with LLMs for improving model interpretability and processing struc-
tured knowledge from KGs [Guan et al. 2023| Xu et al. 2023]]. Techniques like PCA,
UMAP, and prompt methods further integrate LLMs into the visual and structural do-
mains of KGs, enhancing zero-shot learning [[Gouidis et al. 2024, |Alfasi et al. 2024]. In
RL, approaches like RLHF and RLAIF have demonstrated improvements in summa-
rization, negotiation dialogues, and domain knowledge applications [Roit et al. 2023,
Kwon et al. 2024, Mandi et al. 2023]]. Although effective, RLHF and finetuning are ex-
pensive and nearly unfeasible for most experiments due to the significant computational
and financial resources required [Ouyang et al. 2022, Nguyen et al. 2023]]. Persistent is-
sues like biases, toxicity, and hallucinations remain critical in both KGs and RL con-
texts [Gouidis et al. 2024, [ Xu et al. 2024, IMcKenna et al. 2023]]. Differently from pre-
vious works, our study addresses scalability high costs associated with the use of very
large model and traditional techniques fine-tuning, by combineing RAG with RL. We
demonstrate the effectiveness of this approach for multi-label classification and informa-
tion extraction using domain-specific KGs and datasets.

6. Conclusions and Future Work

This study demonstrates the feasibility and effectiveness of integrating LLMs with Graph-
RAG to enhance multi-label classification and information extraction. Experiments con-
ducted with variations of the GPT and Llama models, combined with the use of KGs and
an RL agent, revealed significant improvements in the performance of smaller models,
such as Llama3 8b, especially when combined with Graph-RAG. The combination of
smaller LLMs and Graph-RAG reduces the occurrence of ‘“hallucinations”, contributing
to superior accuracy and effectiveness, even in multilingual contexts. These outcomes
suggest a promising future for not so large LLM’s, especially in organizations facing data
privacy constraints and computational resource limitations. As future research directions,
we envision the exploitation of more diverse KGs and the investigation of RL techniques
to further improve results of complex tasks. Furthermore, additional studies could apply
our proposal to low resource languages, for expanding its accessibility and applicability.
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Abstract. In this article, we present a pioneer effort on building a multigenre
parsing model for Brazilian Portuguese. Following the Universal Dependen-
cies framework, we trained a current state-of-the-art model in three corpora
from different text genres (journalistic, academic and user-generated content —
X posts). Our experiments show that our multigenre parsing model achieves
better or competitive results in relation to single-genre trained parsers.

Resumo. Neste artigo, apresenta-se um esforco pioneiro para o desenvolvi-
mento de um modelo de parsing multigénero para o portugués brasileiro.
Seguindo o projeto Universal Dependencies, treinou-se um dos modelos do
estado-da-arte em trés corpora gold-standard de diferentes géneros textuais
(jornalistico, académico e contelido gerado por usudrio — postagens do X). Os
experimentos revelam que nosso modelo multigénero de parsing produz resulta-
dos melhores ou competitivos em relacdo aos modelos de género tinico.

1. Introduction

Syntactic parsing is the task of automatically uncovering the syntactic relations among
the words of a sentence, resulting in syntactic trees, which correspond to one of the first
analysis levels in Natural Language Processing (NLP) [Jurafsky and Martin 2024]. This
task has proved useful for several different applications, such as text simplification, infor-
mation extraction, automatic summarization, and sentiment analysis, among many others.

As time goes by, parsing takes different importance degrees and attend dif-
ferent desires. In the beginning, it was common to have parsing as a step in
NLP applications (e.g. grammar checking [Martins et al. 1998] and text simplification
[Candido et al. 2009]). Recent advances in deep learning, distributional models, and
language modeling have allowed many applications to forgo deeper linguistic analysis,
but current research efforts have indicated that the inclusion of linguistic knowledge
during model training or in post-processing steps (e.g. in neuro-symbolic approaches)
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may be relevant for improving results [Zhou et al. 2020, Bai et al. 2021, Lin et al. 2021,
Boliicii et al. 2023]. Moreover, given the expensive computational requirements for train-
ing the above models and the search for explicability and interpretability, linguistic anal-
ysis systems have reemerged as relevant alternatives in several research situations.

There are some well known parsers for Portuguese, including those considered
classic, such as PALAVRAS [Bick 2000] and PassPort [Zilio et al. 2018], and more re-
cent ones aligned to the Universal Dependencies (UD) project [de Marnefte et al. 2021],
as UDPipe 2 [Straka?2018] and the current state-of-the-art Portparser
[Lopes and Pardo 2024] (with accuracy near 95% for news texts).

We propose here to move a step further in parsing for Brazilian Portuguese (BP).
Using the different annotated corpora that are available in the UD initiative, and adopting
a widely known parsing framework (the Stanza pipeline [Qi et al. 2020]), we investigate
the issue of multigenre parsing, aiming at producing a parser that works well for differ-
ent language writing styles, including short and usually syntactically fragmented X posts
(formerly known as tweets), “daily language” of news texts and (supposedly) more re-
fined writing of academic texts. The resulting system, named Genipapo! (an acronym for
“multiGENTre PArser for POrtuguese”), achieves better or competitive results in relation to
the single-genre trained parsers, consisting in a step to unleash the potential of Portuguese
text analysis tools to work on a wide variety of texts.

The rest of this article is organized as follows. Section 2 introduces the UD frame-
work. Section 3 briefly presents the main related work in the area. The adopted resources
and methodology are reported in Section 4, whereas Section 5 presents the results of our
experiments. We conclude this article in Section 6.

2. The Universal Dependencies framework

UD [Nivre et al. 2020] is currently the most used dependency-based framework of mor-
phological and syntactic analysis in NLP [Sanguinetti et al. 2023]. It is an attempt to
standardize the annotation of morphology and syntax, proposing a “universal” annotation
strategy for all languages, facilitating the development of multilingual taggers and parsers.
At the time of this writing, there are already over 240 treebanks available for more than
150 languages, dealing with a variety of textual genres.

In UD, the following morphology information is considered: (i) Part-of-Speech
(PoS) tags, (i1) lemmas, and (ii1) features. The syntactic annotation consists of typed de-
pendency relations (deprels) between words. Currently, the model has 17 PoS tags and 37
deprels, plus a non-fixed set of morphological features. Figure 1 shows an example of an
annotated post from the DANTEStocks corpus [Di-Felippo et al. 2021]. The basic depen-
dency representation is a tree, where exactly one word is the head of the utterance (root)
(e.g. “assina” — ‘““sign”), and all the remaining words depend on some other word. The
labeled arcs represent the dependency relations, pointing from heads to their dependents.
PoS tags, lemmas, and morphological features are displayed below the words in Figure 1.

I'The corresponding fruit, “Jenipapo” (with ‘J* instead of ‘G’), is a tropical fruit, appreciated in several
states of Brazil and used for different purposes, from painting to eating and preparing beverages. By adopt-
ing this inspiration for the name of our parser, we sought this symbolic connection with something rooted
in the Brazilian culture and language.
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e compartilhamento de voos com TAP http://t. cowHGukBg7ap

#BR 5BOVESPA #GOLL4 Gol assin

PROPN VERB NOUN ADP ADP NOUN ADP PROPN PUNCT SYM

2BR =BOVESPA FGOLLY Gol assinar acordop de Voo com 4P hap:/fe.corwHGukBg 7gp
Number=Sing Number=Sing Number=S8ing
Verbform=Fin Gender=Masc Gender=Masc
Tense=Pres
Person=3
Mood=Ind

Figure 1. Example of UD morphological and syntactic annotation.

3. Related work

About the linguistic resources for training UD-parsers, there are some available datasets
in BP. One of the first corpora with UD annotation for texts in standard (or canonical)
Portuguese is the UD-Portuguese-Bosque treebank [Rademaker et al. 2017], which con-
tains 210,958 tokens across 9,357 sentences. The Brazilian portion of this corpus consists
of 4,213 well-written sentences extracted from journalistic texts. There is also Petro-
Gold [Souza et al. 2021], which is a fully revised treebank that consists of academic texts
from the oil and gas domain, in a total of 8,946 sentences (and 232,333 tokens). Differ-
ently from UD-Portuguese-Bosque, PetroGold is a specialised or domain-specific corpus.
Besides, the UD project makes available the UD-Portuguese-GSD corpus [Zeman 2017].
Totaling 12,020 sentences (296,169 tokens) from news texts and blogs, it features two
different textual genres, with different degree of canonicalness.

Specifically aiming at growing syntax-based resources for BP, another treebank
(with genres beyond newswire texts) has been created. Porttinari [Pardo et al. 2021]
currently includes two main genres (with others under construction): (i) news texts, rep-
resenting standard written language, and (ii) user-generated content (UGC), representing
informal non-canonical web language (in particular, tweets/X posts).

Concerning parsing models, some dependency UD-parsers are available for BP,
specially for news texts. UDPipe 2 [Straka 2018] is probably the most used model. Using
a graph-based biaffine attention architecture, it achieves a Labelled Attachment Score®
(LAS) of 87.04% for news texts. Stanza [Qi et al. 2020] is another well-known sys-
tem, which uses a feature-enriched Bi-LSTM-based deep biaffine neural method. Ac-
cording to the results for the UD version 2.12°, Stanza achieves 87.75% of LAS for
news texts. UDify [Kondratyuk and Straka 2019] is another important system. It is a
semi-supervised multitask self-attention model. There is also the recently released Port-
Parser [Lopes and Pardo 2024], which was built by training UDPipe 2 with BERTim-
bau [Souza et al. 2020] on the Porttinari-base corpus [Duran et al. 2023a], which is part
of the journalistic portion of the larger Porttinari* [Pardo et al. 2021] treebank. The model

2This score evaluates the output of a parser by considering how many words have been assigned both
the correct syntactic head and the correct label of the relation [Nivre and Fang 2017].

3https://stanfordnlp.github.io/stanza/ performance.html

“https://sites.google.com/icmc.usp.br/poetisa/porttinari
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achieved LAS around 95%. This LAS value brings an improvement of around 7% over
some well-known existing baselines for standard written Portuguese language.

As a final example, it is important to cite the work of [Zilio et al. 2018]. However
delivering lower results than those by more recent works, the authors compared some
previous and classical parsing methods for BP. The authors reported that the best model
(called PassPort) achieved LAS of 85.21% in the UD corpus. In an additional small scale
evaluation, the PassPort was manually compared to PALAVRAS, using a single corpus
of 90 sentences (1,295 tokens), randomly selected from three different genres, to wit,
literature, news texts and subtitles. The systems achieved similar results for dependency
parsing, with a LAS of 85.02% for PassPort against 84.36% for PALAVRAS.

4. Materials and methods

Given the objective of building a multigenre UD parser for BP, three corpora, belonging
to three different genres, build our materials.

Our first corpus, DANTEStocks [Di-Felippo et al. 2021], comprises 4,048 tweets
(with 81,048 tokens) from the stock market domain automatically collected during 2014
(which limits each post to 140 characters). The corpus was built by fetching mes-
sages containing a ticker’ of one of the 73 stocks that composed Ibovespa at that time
[da Silva et al. 2020]. DANTEStocks presents a combination of standard and non-standard
written language, as well as speech marks, domain specific vocabulary and medium (Twit-
ter) features. The dependency relations of the corpus were annotated in two semiauto-
matic stages [Barbosa 2024]. First, a reference subcorpus of 1,000 tweets was annotated
using UDPipe 2, which had been trained on UD-Portuguese-Bosque and was chosen be-
cause it is easily available for use online and offers reliable performance. This subcorpus
was then manually revised before being designated as a gold standard. The rest of the
corpus was then annotated by customizing Stanza for DANTEStocks. We used the com-
bined Porttinari-base and reference subcorpus as the initial training set for Stanza. The
resulting parsing model was used to automatically annotate a new (first) package of data
(out of the remaining 3,048 tweets). The first package was manually revised and incorpo-
rated to the previous dataset, being used to start a new training run of Stanza. This cycle
of training iteration continued incrementally until the last (in a total of 6) package was
annotated/revised. Regarding LAS, the final score (6th run) achieved 94.62%, increasing
0.76% from the first run score of 93.86%.

The second corpus, PetroGold [de Souza and Freitas 2023], is a gold-standard
treebank for the oil and gas (O&G) domain. It integrates the Petrol€s corpus,
which is a collection of academic and technical documents from public agencies such
as Petrobras and “Agéncia Nacional do Petréleo, Gas Natural e Biocombustiveis”
(ANP) [Gomes et al. 2021]. PetroGold is composed of 19 academic texts (theses and
dissertations), with a total of 9,127 sentences and 253,640 tokens. The syntactic anno-
tation of PetroGold also followed a semiautomatic approach. Especifically, four experts
were responsable for reviewing the output of a customized version of Stanza, trained on
the combination of UD-Portuguese-Bosque (v.2.6) and a small collection of data from
the O&G domain. Through an intrinsic evaluation using a model created by the UDPipe

SA five or six-character alphanumerical string that represents a type of stock from a company, such as
“PETR4” for Petrobras’ preferred stock.
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tool, the corpus achieves 88.53% of LAS. For NLP purposes, the corpus is subdivided
into three subsets. The subsets have 7,170, 737 and 1,039 sentences for training (80%),
validation (8%) and test (12%).

Our final corpus, Porttinari-base [Duran et al. 2023a], is the gold-standard (i.e.
fully manually annotated and revised) journalistic subcorpus of Porttinari, which is com-
posed of 8,418 sentences (168,080 tokens) selected from Folha de Sdo Paulo newspaper.
The Porttinari-base annotation process started with an automatic annotation by UDPipe
2 using the UD-Portuguese-Bosque corpus, which achieved 87% accuracy (in terms of
LAS). Next, the dependency relations were manually revised in detail following an an-
notation manual containing specific guidelines for BP [Duran 2022]. Porttinari-base is
also subdivided into training, validation and test subsets. The subsets have 5,893, 842 and
1,683 sentences in the train (70%), dev (10%) and test (20%) files, respectively.

For developing our parser, we employed the Stanza pipeline, which was trained
and evaluated across different corpora. Since both PetroGold and Porttinari-base corpora
already come subdivided in train, validation and test sets, we first set apart their test sets
to ensure they would only be used for final evaluation purposes. After this, we unified
each corpus’ train and validation sets to build a larger training set for each, which was
then used in our experiments. Next, we randomly split (from a uniform distribution),
DANTEStocks in training and test sets, following the same principle of keeping the test
set strictly for final testing. Table 1 details each set size across the corpora.

Table 1. Size and proportion of train and test sets across corpora.

Corpus ; Train - . Lest - Unit
Units | Proportion | Units | Proportion
DANTEStocks 3,643 90% 405 10% tweet
UP-Portuguese-PetroGold | 7,907 88% 1,039 12% sentence
Porttinari-base 6,735 80% 1,683 20% sentence

To assess the model’s performance across different genres, we combined the train-
ing sets from all three corpora to create a fourth, unified training set, along with a corre-
sponding test set. A grid search was conducted for hyperparameter optimization, focusing
on batch size (2000, 3000, 4000, and 5000) and dropout rate (0.2, 0.3, and 0.4), since
Stanza does not natively support learning rate adjustments. Next, we ran 5-fold cross-
validation with grid search (using the above mentioned grid) at each of the four training
sets®, whereby each set was further split in five subsets, with four being used to train the
model, and the fifth one being held for validation purposes. This subdivision procedure
is repeated five times. We then selected, for each training set, the hyperparameters that
produced the highest LAS value across the validation sets during cross-validation.

Having the best set of hyperparameters for each of the four corpora (DANTE-
Stocks, PetroGold, Porttinari-base and their union), we retrained the model at each corpus
training set, varying its random seed (42, 123, 456, 789 and 101,112), thereby changing
the model’s innitial configurations. To do so, PetroGold’s and Porttinari-base’s training
sets were split back into their original training and validation sets, whereas DANTEStocks’
training set was randomly split into training and validation sets, so that the entire DAN-
TEStocks corpus would contain 10% of the data for test, 10% for validation and 80% for

6].e. each corpus’ individual training set and the largest set built from the union of these training sets.

140



training purposes. The best performance model, across all seeds, was then selected for
each corpus. As a final step, all four models were tested and compared using the previ-
ously separated test sets, which had been reserved exclusively for this final evaluation.

5. Results and discussion

Tables 2 and 3 present the results of our model, when trained in each corpus’ training set
(rows in the tables), and tested at the different test sets of the experiment. Table 2 refers to
model results in terms of LAS, whereas Table 3 presents the results in terms of Unlabelled
Attachment Score’ (UAS). In the tables, the “Genipapo” lines refer to the model trained
in all of the available training sets, i.e. our multigenre model, while the “All together”
columns refer to the union of all test sets.

Table 2. Model’s LAS (%) at each corpus’ test set.
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Test set

Training set

Porttinari-base | DANTEStocks | PetroGold | All together
Porttinari-base 94.82 66.10 87.47 88.48
DANTEStocks 87.61 91.95 83.68 86.48
PetroGold 86.74 61.30 95.33 87.30
DANTEStocks + Port.-base 94.91 92.67 87.94 91.90
DANTEStocks + PetroGold 87.66 91.85 84.10 86.66
Porttinari-base + PetroGold 94.92 66.75 95.29 91.84
Genipapo 94.94 92.69 95.11 94.75

Table 3. Model’s UAS (%) at each corpus’ test set.

Test set

Training set

Porttinari-base | DANTEStocks | PetroGold | All together
Porttinari-base 95.88 75.55 90.38 91.27
DANTEStocks 90.36 93.98 87.51 89.63
PetroGold 89.69 71.45 95.84 90.15
DANTEStocks + Port.-base 95.95 94.39 90.97 93.86
DANTEStocks + PetroGold 90.26 93.97 88.04 89.76
Porttinari-base + PetroGold 9591 76.03 96.00 93.67
Genipapo 95.97 94.42 95.81 95.73

We see that each model trained in isolation produces the best results for its corre-
sponding genre. For instance, considering LAS, training with Porttinari-base produced
the best results for the test set of Porttinari-base (94.82%) and worse results for DAN-
TEStocks (66.10%) and PetroGold (87.47%). This pattern holds across the genres, where
the isolated models consistently perform best when tested on the same genre they were
trained on. More interestingly, Genipapo, our multigenre parser, outperforms the single-
genre trained parsers for 2 of the genres (news texts and X posts), but not for the academic
genre. The differences, however, are minimal (less than 1%), suggesting that they could
be due to random fluctuation rather than statistically significant differences.

When combining all test sets (“All together” columns in the tables), Genipapo
delivers the best results, achieving a 7% improvement in LAS and nearly 5% in UAS

TUAS indicates the accuracy of the head ignoring the relation’s name (deprel) [Nivre and Fang 2017].




compared to the second-best results from single-genre parsers, and a 3% LAS and 2%
UAS improvement over parsers trained on pairs. This suggests that Genipapo may be
the more suitable choice for processing texts from varied sources, such as diverse web
content.

By looking at the results produced by Genipapo, when tested on each corpus sepa-
rately, we see some common mistakes between pairs of deprels. One of the most common
errors across the three corpora was the confusion between obl and nmod. This result does
not come as a total surprise, since the classification of a nominal as an adverbial adjunct
(obl) or as a nominal modifier (nmod) was already reported in the literature as a chal-
lenge for parsing standard Portuguese (and also for humans in some situations), such as
in journalistic and academic texts [Duran et al. 2023b, Souza et al. 2021]. Once this phe-
nomenon is also observed in DANTEStocks’ UGC, this difficulty seems to be unrelated
to the degree of “canonicalness” of the corpus. The pairs acl (adnominal clause) and
advcl (adverbial clause) and obj (the second argument of a verb) and nsubj (a nominal
subject) show a relevant confusion only in the standard language corpora. The confusion
between acl and advcl seems to be a case of ambiguity that requires semantic knowledge
to be solved, and the confusion between obj and nsubj occurs when the candidate to the
subject is at the right of the verb, since noun phrases at the right can be either object or
subject in Portuguese [Duran et al. 2023b].

When comparing the errors of Genipapo at each deprel, we see the model making
a higher number of wrong root predictions in DANTEStocks, given its error rate of 7.7%
against 2.0% in Porttinari-base and 0.9% in PetroGold. This might be due to the lin-
guistic phenomena of tweets that bring some difficulty to the syntactic annotation of the
root. Another interesting observation relates to parataxis, which is one the the most fre-
quent tag in our UGC corpus (708 cases), but not in the remaining corpora. The relatively
low error rate in DANTEStocks (9.3%) indicates that this deprel has been well learned by
Genipapo in UGC. Moreover, we could see that the deprel tags most wrongfully predicted
due to under representation in Porttinari-base and DANTEStocks are the same: reparan-
dum, dislocated and orphan. The first two tags do not occur in PetroGold, and the only
two occurrences of orphan in this corpus were wrongly predicted.

As a way to compare Genipapo’s performance with that by a state-of-the-art
model, we also run Portparser in the same testing sets as Genipapo (Table 4). We note
that the training, validation, and test splits of the Porttinari-base used by Portparser differ
from those publicly available and used in our experiments with Genipapo. This discrep-
ancy means that some sentences present in the test sets of Porttinari-base and the unified
set (All together) may have been included in the training or validation sets of Portparser,
artificially boosting its LAS and UAS scores. Despite this, Genipapo outperformed Port-
parser across all testing sets except for the Porttinari-base test set. In terms of LAS,
Genipapo showed significant improvements over Portparser on the DANTEStocks test set
(92.69% vs. 64.45%), the PetroGold test set (95.11% vs. 86.74%), and the combined
test set (94.75% vs. 89.51%). However, Portparser performed better on the Porttinari-
base test set (98.06% vs. 94.94%). The same pattern is observed in UAS scores, where
Genipapo outperformed Portparser on DANTEStocks (94.42% vs. 75.81%), PetroGold
(95.81% vs. 90.50%), and the combined test set (95.73% vs. 92.62%). Nevertheless,
Portparser achieved higher UAS on Porttinari-base (98.58% vs. 95.97%).
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Table 4. Portparser’s LAS and UAS at each corpus’ test set.
Test set LAS (%) | UAS (%)
Porttinari-base 98.06 98.58
DANTEStocks 64.45 75.81
PetroGold 86.74 90.50
All together 89.51 92.62

6. Final remarks

In this paper, we introduced Genipapo, a multigenre UD-parser for Brazilian Portuguese,
and showed that it had better or competitive performance in relation to genre specific
trained parsers. Future work includes (i) to extend Genipapo’s training to other genres and
domains, such as audio transcriptions, literary texts, and tweets related to the COVID-19
pandemic, whose corpora are still under construction, and (ii) to explore different parsing
strategies and pipelines.

More details about this work may be found at the POeTiSA project web portal:
https://sites.google.com/icmc.usp.br/poetisal/.
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Abstract. The recognition of toxic and hate speech on social media platforms is
important due to the significant risks posed to users and the digital ecosystem.
Current state-of-the-art models, such as BERTimbau, have set benchmarks for
Portuguese text classification, yet challenges remain in accurately detecting toxic
content. This paper investigates the effectiveness of fine-tuning a smaller, open-
source decoder-only model, LLaMA 3.1 8B 4bit, for this task. We propose an
iterative prompt evolution method to optimize the model’s performance. Our
results demonstrate that fine-tuning significantly enhances the LLaMA model’s
Fl-score from 0.61 to 0.75, surpassing BERTimbau in precision and matching
the performance of the GPT-40 mini. However, the approach depends on the
quality of the language models used for prompt evolution, highlighting the need
for further research to enhance robustness in this area.

1. Introduction

The task of recognizing toxic and hate speech has gained substantial attention in recent
years, particularly with the surge of user-generated content on social media platforms. As
these platforms increasingly shape public discourse, the proliferation of harmful content
presents significant risks to both individual users and the broader digital environment.
Consequently, the need for effective moderation tools has escalated, driving research
toward automated solutions capable of operating at scale.

Current state-of-the-art methods for automated toxic content classification pre-
dominantly leverage transformer-based architectures, with encoder-only models be-
ing the most common. Within the Portuguese language context, BERTimbau has
emerged as a leading approach [Souza et al. 2020], demonstrating superior performance
in various NLP tasks, including emotion classification [Hammes and de Freitas 2021],
toxic speech detection [da Rocha Junqueira et al. 2023, Oliveira et al. 2023], news clus-
tering [Pereira and da Silva 2023], among other tasks [dos Santos and Paraboni 2023,
Serras and Finger 2021]. The BERTimbau ability to capture subtle nuances in Portuguese
expressions has set a high standard in the field, making it the benchmark for multi-class
classification tasks. However, despite its effectiveness, the problem of accurately classi-
fying toxic content remains an open challenge, particularly in the diverse and evolving
landscape of online discourse.
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Recent advancements have shifted towards decoder-only models, such as
LLM2Vec [BehnamGhader et al. 2024] and NV-Embed [Lee et al. 2024], which have
shown promising results across multiple languages. Notably, OpenAl Chat-
GPT [OpenAl et al. 2024] !, a large decoder-only language model, has demonstrated com-
petitive performance in this domain [Oliveira et al. 2023]. The emergence of open-source
models, like the Meta LLaMA family of models [Dubey et al. 2024], further compels a
reexamination of existing methodologies, raising research questions about the potential of
these newer models.

Building on these recent developments, this work explores the capabili-
ties of decoder-only models, specifically focusing on the LLaMA 3.1 8B 4bit
model [Dubey et al. 2024]. This model is particularly compelling due to its open-source
nature, benchmark performance, and relatively smaller size, making it well-suited for
fine-tuning specialized tasks such as toxic content classification in Portuguese. The key
research questions guiding this investigation are RQ1: Can a fine-tuned LLaMA 3.1 8B
4bit model achieve or surpass the performance of GPT-40 mini in classifying toxic content
in Portuguese? RQ2: Can this model outperform the current state-of-the-art BERTimbau-
based approach in the same task? To address these questions, we propose a heuristic
approach that utilizes a larger LLM (GPT-40-mini) to refine the prompts employed by a
smaller LLLM, thereby automating prompt engineering. The optimal prompt is then used to
fine-tune the LLaMA 3.1 8B 4bit model for toxic content classification in social media,
using the TolDBr dataset - a large public dataset on this task [Leite et al. 2020]. Our results
show that the fine-tuned LLaMA 3.1 8B 4-bit model, operating in zero-shot classification
mode, outperforms the BERTimbau-based model regarding precision and is on par with
GPT-40 mini.

2. Materials and Methods

Although the primary focus of this work is to investigate the performance of a small
and open-source language model (with only 8B parameters) for the task of toxic text
detection in Portuguese, the choice of prompt is a significant challenge. The quality of the
prompt heavily influences the LLM’s performance [Brown et al. 2020]. Therefore, this
work proposes a straightforward approach to evolving prompts, ultimately using the best
prompt identified for fine-tuning the model.

The following subsections describe the dataset selected for benchmarking, which
is a large and popular dataset by Portuguese language standards for this task. Additionally,
an outline of the methodology for selecting the best prompt and the approach used for
fine-tuning the model.

2.1. Told-Br dataset

We employed the ToLD-br dataset, developed in [Leite et al. 2020] for training and testing
the models used in this study. This dataset contains 21,000 tweets, annotated in a binary
manner as “toxic” or “non-toxic”. Additionally, the tweets are also classified into different
categories of toxicity, such as LGBTphobia, insults, racism, misogyny, and xenophobia.

In this study, we focused on the binary classification between “toxic” and “non-
toxic”, using the corresponding annotations to train and test our models. The dataset was

Thttps://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
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divided in a stratified manner, with 80% of the tweets allocated to the training set and the
remaining 20% to the test set.

2.2. Prompt Engineering: Iterative Prompt Refinement

The challenge in using large language models (LLMs) for zero-shot classification lies in
identifying the most effective prompt. This study proposes a heuristic to iteratively refine
prompts using a larger LLM, intending to enhance classification accuracy in a smaller
LLM.

Our approach draws on previous research, mainly works by [Oliveira et al. 2024]
and [Oliveira et al. 2023], which advocate for using in-context learning for social media
post classification. While these studies explore both zero-shot and few-shot modalities,
our focus remains exclusively on the zero-shot scenario.

Given that LLLMs have been shown to function effectively as black-box optimiz-
ers [Zheng et al. 2023] and are viable alternatives to mutation and crossover operations in
genetic algorithms [Lehman et al. 2023, Meyerson et al. 2023], we draw inspiration from
the work presented in [Guo et al. 2024] to propose a simplified algorithm for evolving
prompts tailored explicitly to the task of toxic speech detection in Portuguese.

The methodology is structured as Figure 1 illustrates: Initially, a population of
prompts is initialized, each one specifically designed to classify social media posts as
toxic or non-toxic. The prompts then undergo a selection process, retaining only the top-
performing ones based on evaluation metrics. Next, operations to evolve the prompt are
applied utilizing an instruction to a larger LLM, such as GPT-4, which assists in generating
new variations by recombining elements of existing successful prompts. This process is
iteratively refined to enhance the quality of the prompts. Finally, the optimal prompt from
this cycle is used to fine-tune the model. Algorithm 1 provides a pseudo-code overview of
these steps.

Evaluate F1-score

Prompts E@ o E@ Return the
Initializer _> E]E) # # E]@ * best prompt

Set prompts Set prompts
@ @ LLaMA E

+ Score Termination
Add the new °

Select the top k
rompt to the GPT-40
? P 4_ @ L 4_ best prompts
Population mini
Generate the new prompt

Figure 1. The heuristic iterative prompt evolution process begins with an initial set
of prompts, which are evaluated using the LLaMA model based on their F1-scores.
The top-performing prompts are then selected, and GPT-40 mini generates new
prompts. These new prompts are added back to the population, and the process
repeats. The best prompt from this iterative cycle is ultimately selected for further
use. All prompts and instructions used in this study were written in Portuguese.

2.3. LLM Fine-Tuning Methodology

This methodology fine-tunes the model using a quantized version to enhance mem-
ory efficiency and speed. Parameter-Efficient Fine-Tuning (PEFT) [Houlsby et al. 2019,
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Algorithm 1 Simplified Prompt Evolution

1: Function InitializePopulation(InitialPrompts)

2 Population + []

3 for each prompt in InitialPrompts do

4 Evaluate prompt with Llama 3.1 8B, using F1-score

5 Add prompt and its score to Population

6: end for

7 return Population

8: Function GenerateNewPrompt(PromptsAndScores)

9 PromptsText «— Concatenate each prompt and its F1-Score from PromptsAndScores with line breaks
0 SystemlInstruction < “You are an assistant that helps improve Al prompts. You should always
generate a new prompt, using different words or varying lengths, never repeating the same prompt.
Generate ONLY the prompt, without comments or explanations”.

—_

11: Instruction < “You are evolving a prompt for another LLM. Based on the following prompts and
their respective F1-scores, generate a new prompt optimized for the task of classifying hate speech”.

12: ChatGPTInput <— SystemlInstruction + Instruction + PromptsText

13: NewPrompt <— Call ChatGPT API with ChatGPTInput

14: return NewPrompt

15: Function Main()

16: InitialPrompts <— Define initial set of prompts

17: Population < InitializePopulation(InitialPrompts)

18: for each epoch in range(NumEpochs) do

19: TopKPrompts < Select top ‘k’ prompts from Population, based on F1-scores

20: PromptsAndScores +— Collect scores and prompts from TopKPrompts

21: NewPrompt <— GenerateNewPrompt(PromptsAndScores)

22: Evaluate NewPrompt with Llama 3.1 8B using F1-score

23: Add NewPrompt and its score to Population

24: end for

25: BestPrompt <— Select best performing prompt from Population

26: return BestPrompt

Hu et al. 2021] and QLoRA [Dettmers et al. 2023] techniques reduce model complexity,
focusing on optimizing QKV projections and Feed Forward Layers. Training data is
divided into training and validation sets. Specific prompts, structured as Alpaca prompts,
align the model with toxic content classification objectives in Portuguese.

Alpaca Prompt Example:
Below is an instruction that describes a task, paired with an input that provides further
context. Write a response that appropriately completes the request.

Instruction: You are analyzing a social media post. If the
text contains hate speech, offenses, aggressions, insults,
swear words, or any form of toxicity, respond only with
‘ves’ . If it is appropriate and non-toxic, respond ‘no’.

Input: Tweet: every time the weather changes, my throat gets
inflamed...dammit'!

Response: no.
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3. Experimental Setup and Results

Two key experiments are conducted to address the research questions posed in this study.
First, Experiment #1 is designed to identify the best prompt. Using this prompt, the
LLaMA 3.1 8B model is fine-tuned with the training data from the ToLD-Br dataset
(Experiment #2). Four versions of the model are fine-tuned, varying parameters related to
PEFT/QLoRA. An additional experiment is proposed to evaluate the performance of using a
fine-tuned GPT-40 mini model within the same scenario. All experiments are performed in
a Google Colab environment, utilizing an A100 GPU. Source code is available at https:
//github.com/oliveiraamanda/ToxicSpeech-Llama-STIL-2024.

3.1. Experiment #1 - Prompt Engineering

To evolve the prompts using the iterative algorithm proposed here, it is essential first
to define the cost function to be minimized. The Fl1-score of binary classification on a
partition of the training data is selected as the cost function. As our population consists of
natural language sentences, the initial individuals must be manually defined for the specific
domain. This approach was also adopted in [Guo et al. 2024]. In this work, we base
our initial prompts on those proposed in [Oliveira et al. 2023] and [Oliveira et al. 2024],
as these studies serve as a baseline and address the same dataset. Subsequently, we
derive additional prompts by adding or removing sentences and words, totalizing six
prompts. The target model, LLaMA 3.1 8B, performs the classification using only 50
instances from each class to compute the F1-score, given the high computational cost of
this function. Following this, prompts are evolved through an iterative process involving
two models—the target model LLaMA 3.1 8B and GPT-40 mini over 50 epochs. After
this period, the best prompt (with the highest F1-score) is selected and presented below.
“Best Prompt: You are analyzing a social media post. If the text contains hate speech,
offenses, aggressions, insults, swear words, or any form of toxicity, respond only with
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‘yes’. If it is appropriate and non-toxic, respond ‘no’”.

3.2. Experiment #2 - LLLaMA Fine-Tuning Process

To facilitate fine-tuning on modest hardware, we employed a 4-bit quantized version of
the LLaMA 3.1 model, using the QLoRA technique [Dettmers et al. 2023], with 8 billion
parameters model- LLaMA 3.1 8B [Dubey et al. 2024]>. We used the Hugging Face PEFT
library® with the Unsloth library*, setting the learning rate to 2¢ — 4 and the sequence
length to 2048 tokens, while varying the “rank” and “LoRa Alpha” parameters.

The fine-tuning process used the most effective prompt and involved 3, 000 training
steps, with a batch size of 2 and gradient accumulation set to 4, effectively processing
6000 instances from the training dataset.

Results from experiments varying the parameters “rank” and “LoRa alpha” are
presented in Table 1, while the fine-tuning loss function using “rank=16" and “LoRa
alpha=16" is shown in Figure 2.

’https://huggingface.co/unsloth/llama-3-8b-bnb-4bit
3https://huggingface.co/docs/peft/index
‘https://github.com/unslothai/unsloth
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3.3. Experiment #3 - GPT-40 mini Fine-Tuning Process

To fine-tune the GPT4-0 mini model, we used the Azure Al Studio platform 3, leveraging
the same training data used in Experiment #2. We adopted the best prompt identified
in Experiment #1 and created a JSONL file where each instance of the training set was
preceded by the prompt and accompanied by its respective label.

We chose the 2024-07-18 release of GPT4-0-mini, which was the one available
for fine-tuning on Azure. After training, the model was deployed on the Azure platform,
allowing its use through API calls.

During the evaluation, we noted that utilizing Azure Studio, which incorporates
an additional content moderation layer beyond that provided by OpenAl, led to certain
moderation inaccuracies. Approximately 1% of the test set was erroneously categorized
due to “content moderation errors.” For these instances, we assigned the label “non-toxic.”

3.4. Results Comparison

For comparative purposes, the most effective prompt identified through the iter-
ative prompt evolution approach is tested with three additional models: Mari-
taca © AI Sabia3 [Pires et al. 2023], OpenAl GPT-40 mini [OpenAl et al. 2024] 7,
and OpenAl ChatGPT 3.5 Turbo [Brown et al. 2020] ®, as well as the BERTimbau
model [Souza et al. 2020].

The results presented in Table 2 highlight the significance of fine-tuning the LLaMA
3.1 8B model. Specifically, fine-tuning improved the F1-score from 0.61 to 0.75, demon-
strating a substantial performance gain. Furthermore, when applying the fine-tuning
methodology using the prompt proposed in [Oliveira et al. 2023], the F1-score reached
0.70. However, our prompt evolution approach further improved this to 0.75, indicating
that the refined prompt contributed significantly to the model’s performance.

Additionally, the LLaMA 3.1 8B model, despite being fine-tuned with only 3,000
steps and 6,000 instances, performs competitively against other state-of-the-art models like
GPT-40 mini, Sabia3, and BERTimbau. Notably, Sabi43, a leading model from Maritaca
Al, demonstrated comparable accuracy to GPT-40 mini across various high-stakes Brazilian
exams, such as OAB, ENEM, and ENADE. These results underscore the effectiveness of
our prompt evolution methodology and the potential of smaller models like LLaMA 3.1
8B when paired with efficient fine-tuning techniques.

The results in Table 1 reveal differences in model performance based on the
configuration of the “r” (rank) and “LoRa alpha” parameters. The configuration with
“r=16" and “alpha=16" achieves the best overall performance, with an F1-Score of 0.75,
balancing precision (0.69) and recall (0.83). Increasing “r” to 24 or “alpha” to 24 leads
to a marked decline in performance, with the model showing symptoms of overfitting,
particularly with a dramatic drop in recall. The configuration with “r=8"" and “alpha=16"
demonstrates high recall (0.935) but at the cost of precision, indicating a bias towards
over-predicting the positive class.

Shttps://oai.azure.com/portal
Shttps://www.maritaca.ai/

"https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/

8https://chat.openai.com/
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Figure 2. Loss over steps. Params LoRa alplha = 16 and r = 16.

Table 1. Impact of different r and LoRa alpha configurations on model perfor-

mance.
Configuration | F1-Score | Precision | Recall | Accuracy
LLaMA 3.1 8B (r=16, alpha=16) | 075 | 0.69 | 083 | 0.76

LLaMA 3.1 8B (r=24, alpha=16) | 0.432 | 0.601 | 0.338 | 0.609
LLaMA 3.1 8B (r=8, alpha=16) | 0.727 | 0595 | 0.935 | 0.690
LLaMA 3.1 8B (r=16, alpha=24) | 0.327 | 0573 | 0229 | 0.584

Table 2. Comparison of Evaluation Metrics for Different Models

Model | F1-Score | Precision | Recall | Accuracy
LLaMA 3.1 8B (original) w/ best prompt | 061 | 045 | 096 | 046
LLaMA 3.1 8B (finetuned) w/ prompt from [Oliveiraetal. 2023] | 070 | 071 | 070 | 0.74
LLaMA 3.1 8B (finetuned) w/ best prompt | 075 | 069 | 083 | 076
ChatGPT 3.5T Zero-Shot w/ prompt from [Oliveiraetal. 2023] | 073 | 074 | 073 | 0.74
GPT-40 mini w/ best prompt | 075 | 075 | 075 | 075
GPT-40 mini (finetuned) w/ best prompt | 074 | 078 | 074 | 076
Sabia 3 w/ best prompt ‘ 0.75 ‘ 0.77 ‘ 0.76 ‘ 0.75
BERTimbau Finetuned | 075 | 075 | 075 | 075

4. Conclusion

In this study, we investigated whether a smaller, open-source and quantized language model
like LLaMA 3.1 8B 4 bits could effectively perform toxic text detection in Portuguese,
particularly when optimized using an iterative prompt evolution approach along with
finetune. The experiments demonstrated that, with carefully evolved prompts, the model
could achieve competitive performance, even with a limited number of training steps
and instances. This highlights the potential of smaller models when paired with efficient
prompt engineering techniques.
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However, the approach has its limitations. The success of the prompt evolution
algorithm heavily depends on the quality of the underlying language models used for the
text evolution operations. This reliance can be a significant constraint, as deficiencies in
the language models directly affect the quality of the evolved prompts and, consequently,
the overall model performance. Further research is needed to address these dependencies
and enhance the robustness of the prompt engineering approach.
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Abstract. The field of Automatic Speech Recognition (ASR) has significantly ex-
panded within the technological landscape due to its extensive use in sectors
such as education, healthcare, and customer service. Many modern applica-
tions depend on analyzing spoken content through Speech-to-Text (STT) conver-
sion models. However, transcriptions produced by these systems often contain
undesirable elements, such as word rep