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AHaJ1i3 npeaMeToi raaysi

OcobAnBOCTI XyAOXHbLOrO TEKCTY

NI
L7 NN |

Speak of the devil
< Speak of Cao Cao e BuragaHa TepMiHOJOTIS, CTUb,
and Cao Cao arrives KY/IbTYPHi Ta MOBHI acrekTu
' e/leMeHTIB y MalUMHHOMY
/

’ o CKNagHicTb 36epexeHHs LnX
nepeknagi
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AHausi3 npeaMeToi raavsi

EBontoLis MalWWMHHOIO
nepeknaay

e CTaTUCTUYHI MoZeni
e HelpoHHI Mepexi

e TpaHchopmepu - LLM

F—.
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Example Based || Statistical Based Machine Neural Machine ‘
Machine Translation (SMT) Translation (NMT)
Translation "
(EBMT) }
Syntax  Hierarchical Attention
based SMT based SMT based NMT
2000 2005 2015
112
1990 2002 2014 2017
Word based Phrase based Transformer
SMT SMT
(IBM Models)
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Orsia ¥ aHasli3 JIiTepaTyYPHUX, HAYKOBUX JiXKepeJt

KpuTtepii Bigbopy

- ABTOPUTETHICTb, aKTyaNlbHICTb

- BigkpuTi gaHi

- BigcyTHicTb pocincbKOMOBHMX
ny6nikauiin
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IEEE Xplore® §

HanpsmMwn gocnifpkeHs

3arancHi nigxoaM Ao MalLMHHOMo
nepeknagy

AnanTauif BeNuKUX MOBHUX Moaenei

XymoxHiiA nepexknag

MeTpuKK OLiHKK
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OrJisiJ1 ¥ aHaJIi3 JIiTepaTypPHUX, HAYKOBUX JKepeJl

AHanis

e [ M maroTe moTeHuian

ANS BUPILLeHHSA
3ajavi nepeknagy

e MeTpukn BLEU,
METEOR He
BPaxoByHTb
ceEMaHTUYHY
noAibHicTb

F—
! e,

AKTyaneHicTb

® [loTpebay WBMAKOMY °

Ta AKiCHOMY
XYAOKHBOMY
nepexnagi

® 3acTocyBaHHA LLM

ANA niTepaTypu Noku

wo obmexeHe

BucHoBKW

HeobxigHe pilleHHs
AnA TepMiHonorivyHol
BignoBigHoCTI Ta
PO3YMiIHHA KOHTEKCTY

[MoeaHaHHSA
aBTOMAaTUYHKX i
PYYHUX OL{iIHOK
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[locTaHOBKa 3aaa4i
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» | Hugging Face

LLM apgantoBaHa
nig 3apgadi
nepeknany Ta
NigTPUMKY
IHCTpYKLUIn
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HocnignTn pisHi
cTparerii
NnoKpaLleHHs AKOCTI
nepeknagy Ta
OLIHUTK AKICTb.

O

t”

[MopiBHATK
OTPUMaHNIA
nepeknag 3
TNOOCBKAM.

g
~,

3pobuTy BUCHOBKK
LLioao NpaKTUYHOro
3acTocyBaHHS.
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TeopeTuyHe gocCaiKeHHA

Fine-tuning

e 3aranbHa agantauyia LLM Ha HOBWX

TEKCTOBUX Kopnycax

e HaB4aHHA Ha HEOBOB'A3KOBO
AHOTOBaHWX AaHMX

e 36epirae 3aranbHi 3HaHHA MoZeni

F—
o —

Supervised fine-tuning + Reinforcement
Learning with Human Feedback

e baratocTyneHeBsa foajanTalia mojeni 3
ypaxyBaHHAM NHOACbKUX NepeBar

e HaB4yaHHA Ha NPUKAafaX KOPUCHUX
BiANOBiaei

e  YTOUHEHHA Yepes oUiHKKW AKOCTI
JIIOAUHO

e [lokpallye KOPUCHICTb, Be3nNeYHicTb i
Y3ropKeHICTb Bignosigi.

Pucynox b.7 — Cnaiin 7 (pucyHOK CTBOPEHO CaMOCTIIHO)

TeopeTHU4He JOCHIPKEeHHSA

BLUE-MeTpurka

® [lopiBHIOE N-rpamm °
nepeknajgeHoro TeKCTy 3
pedepeHCHUM Nepeknagom.

® [ligxo4WTe AN WBUAKOro
aBTOMATWMYHOrO aHanisy
AKOCTi Nepeknaay. °

n

N
BLEU=BP-exp ( wylog pn)
=1
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EkcnepTHa ouiHKa

AHani3 CTUNICTUKI,
KyNbTYpPHOI aeKBaTHOCTI,
KOHTEKCTY.

BuaBnsie HegoNiKWN, LLO He
BPaXOBYHTbCA METPUKOH
BLEU.

No one had expected that Eaugced who had been struck by two
heavy blows would suddenly bore through the earth to launch a

| snsak attack on Lei Qianshang.

ML Translate

Hixmo ve ouikyeas, wo LaRgRes, AW OTDUMAE ABA BAWKMX
YA3pPHW, panToeO NPOPBETECA KDI3s IEMAD | NOUHE TIEMLLY
aTaKy Ha Ned LsHowana

Human Translate

Hixto He ouikyBas, wo OBpasmi, AKHil NEPeHIC ABa CHMHIX
YAIPH, PanToR0 NPOPBETLCA KPiZh JEMARD, LWOG JAIRCHHTA

niz«)saui' ataxy Ha fed Lanswana

Chinese original
PIsMATERRE, SRERUAESNZRATAREL-.

Chinese pinyin

Pingjiing shing 10 wéi bl subnshi tai gio, qu téngybng shi dijil

rknming de $8il1id wiidd ting zhi ZhTyT

Ukrainian ML

Pisers camosgockoHaneHHs MNina LisaHwena He HaaTo
BHUCOKMH, 3Ne BiH TKOXK € OAHMM i3 N'ATH CTOBNIE CRITY

Iakuan, npuasavennx 4i Lzio
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[IpakTu4He gocaigxeHHsda. MeTomosoris

ANs OUiHKM SKOCTi XyA0XXHLOr0 nepekaay 6ya1o BUKOPUCTAaHO BEINKY MOBHY
Mozesnb LLaMA 3.3-70B-Instruct 3 TpbOMa LiIbOBVIMY MOBaMU:

BxigHi gaHi: 2 Bpy4Hy BigibpaHi Xy40XHi YPUBKKA
e CermMeHrauis TeKkcTy:

6 pparmeHTiB HapaTMBY (ONMcoBa Npo3a)
18 dparmeHTiB gianoris (NpsiMa MoBa Ta BHYTPILLHI AYMK/ NepcoHaxis)

MoBu nepeknagy: $paHuy3bKa, HiMeLbKa, yKpaiHCbKa »E
A -

o]
o]

e KoXeH cerMeHT rnepeknajaBcsa OKPeMO 3a71eXHO Big nigxoay
e OLiHKa SKOCTI BK/IKOYaa CeMaHTUYHY 3B'A3HICTb, BIiANOBIAHOCTb rNocapito

P—
o —

Pucynox b.9 — Cnaiin 9 (pucyHOK CTBOPEHO CaMOCTIIHO)

[IpakTHU4He gociaigxeHHA. MeTooJ10Tis

Mepexnapg 3

BasoBwi nepeknan BpaxyBaHHAM
LLM (Default) rnoccapito
(Glossary)

Mepexnap 3

BHKOPUCTAHHAM

NporpecUBHoOT
e uii (Context+Glossary)

KoHTekcTy (Context)

KomGiHosaHwii nigxig,
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[IpakTryHe gociimxeHHs. OTpUMaHHS IJiocapito

e Merta: 3abe3neunT
Y3roJ>KeHW nepeknag,
KIHOUOBUX TEPMIHIB

e BuTar kt0OUOBUX TEPMIHIB
(iMeHa, TUTYNKM TOLLO) 3a =3
A0MNOMOrow aHanisy BookNLP =

e MalUMHHWIA aHani3 ans
BUAANEHHS 3al1BOro ><

e BkasaHHs 6axaHoro nepeknagy \

F_
o —

Pucynox b.11 — Cnaiig 11 (pucyHOK CTBOPEHO CaMOCTIITHO)

[TpakTHYHe gociimKeHHs. [HTerpartiig riocapiro

1.0

Default translation

0.58 0.36

Baseline LLM+Glossary Human
'

+76.23/o

—— MOKPaWEHHS MpasusibHo20 8UKopUCMaHHS
— — mepMiHie ropieHsIHo 3 6a3oeuM rnepexknadom

1e
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[IpakTuuHe gocaimxkeHHs. Progressive context distilation

Mera: “What have | done?”
MocTynoBO OHOBMNIOBATH 3HAHHA NPO KOHTEKCT ﬁ

(cuTyauio, nokauiwo) nig 4ac obpobkm Tekcty, Wwob B «lljo 5 HaKoifna?»
NoKpaLLUMTK Nepeknaz HacTYMHNX hparMeHTiB. «lljo 51 HaKolg?»

Previous Translate Update

Context Chunk Context

'?

& - )

13
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MeTpuku ouiHroBaHHA: BLEU & CHRF++

Average BLEU Score by Method

|
oete DACNON NN N
RXXXXX]
= Sentence BLEU Text
4 ] 1
£
2 goss*y X ] Language Later, it was said the man came from the north, from Ropers Gate. He
3 VararararararaaTarata| e :’; came on foot, leading his laden horse by the bridle. It was late
= ] g "R Source - afternoon and the ropers’, saddlers’ and tanners' stalls were already
E (or\leil N ] closed, the street empty. It was hot but the man had a black coat
= ANANVANANVAVAVAVASAN, thrown over his shoulders. He drew attention to himself
gy 1 N Motim TOR y MicTo
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o . . .
CJli8 ma JTIeKCU4HI sapilaull, He3gaxaro4u Ha
0 r T T T CeMaHmuU4Hy npasusibHICMb.
default glossary context context+glossary
P — Method
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MeTpuka ouiHroBaHHA: Semantic Similarity

Semantic Similarity Scores by Method and Language

Mepepnae 3MmicT, a He nuwe 20 4
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BHUCHOBKH

IHTerpauis rnocapito 3abesneuye cTanicTb TepMiHoONOrii
e [INCTUNALISA KOHTEKCTY MOKPAaLLYE HapaTUBHY 3B'A3HICTb
KombiHOBaHWI nigxia nepeBeplUye 6a30Bi MeToAN nepeknagy 3a

gonomoror LLM
BLEU Ta CHRF++ He € AoCTaTHIMW ANSA OLLIHKW XYA0XKHLOT AKOCTI

e OUjiHKa IIAMHO 3aNULLIAETLCA HeobXiAHO

F—
e,
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Large language models (LLMs) have made significant progress in processing and generating text across multiple languages.
However, translating long literary works remains challenging due to the need for consistent character interactions, specialized
vocabulary, and coherence across chapters. This paper explores these difficulties and examines methods to achieve decent-
quality LLM-based translation of literary texts. Various approaches are considered, including techniques for improving
contextual awareness and integrating domain-specific vocabulary to reduce inconsistencies. The analysis highlights both the
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Abstraci—Large langnage models (1.1.Ms) have made signifi-
cant progress in processing and generating text across multiple
languages. However, tramslating long literary works remains
challenging due to the need for consistent character interac-
tions, specialized wocabulary, and coherence scross chapters.
This paper explores these difficulties and examines methods to
achieve decent-gquality LLM-based translation of literary texts.
Varions approaches are considercd, including techmigques for
improving coniexiual awarcoess and integrating domain-specific
vocabulary to reduce inconsistencies. The analysis highlights both
the strengihs and limitations of current methods, sugpesting that
targeted context muanapement and fine-tuning strafegics have
the potential to improve translation accuracy in cerlain cases.
These insights contribuie (o the development of more effective
translation sysiems for literary texis and muliilingual content.

Index Terms—Large Langnage Models, translation of literary
fexts, contextual awareness, domain-specific vecabuolary.

I. INTRODUCTION

Large language models (LLLMs) have sigmificantly improved
multilingual text generation and  understanding,  However,
translating litcrary texts remains difficult due to the need for
siyhistic fidehity, coberent characier interaction, and consistent
narrative structure across long spans of text [1]. Unlike gen
eral texts, literary works often inclode figurative expressions,
invenled lerminology, and shilling narmative perspeclives, Stan-
dard neural maching translation (NMT) approsches typically
process sentences in isolation, leading to inconsistencics in
terminology, style, and reference tracking [2], [3]. This is cs-
pecially problematic in genres like fantasy, where maintaining
consistent renderings of names and fictional terms is critical.

Recent research has addressed these issues through context
aware archilectures and document-level modeling. Hierarchi-
cal NMT systems and LLM prompt engincering technigues
have shown promise in preserving intratextual coherence by
maintaining evolving context across ranslation units [4]. In
parallel, intcgrating glossarics or domain-specific constraints
into the translation pipeline has improved consistency for
specialized vocabulary [5].

Some languages, particularly Ukrainian, can introduce wd-
ditional challenges [6] due to their hmited representation in
the training data for large language models [7].

anastasiya.chupryna @ nurc.ua

of Radio Electronics
Kharkiv, Ukraine

of Radie Electronics
Kharkiv, Ukraine
zoia.dudar @nure.ua

Furthermore, evaluating the guality of llerary ranslation
requircs mone than BLELU or CHREF++. Studics have proposcd
using sentence embeddings, LLM-based evaluators, or human
frameworks such as MOM o assess semanbic preservalion,
flucncy, and cultural adequacy [8], [9).

The study examines how Glossary Integration and Progres
sive Context Dhistllation can enhance the guality of LI1M-
bazscd literary translation.

II. DATA DESCRIFTION

The experiments conducted in this research used excerpts
from a fantasy litcrary work writtcn in English. The fantasy
penre was specifically chosen becanse it frequently contains
fictional locations, characters, and specislized terminology,
This choice allowed for a thorough evaluation of translation
consistency, particularly for challenging domain-specific vo-
cabulary.

Two distinet excerpts were sclected for the experiments:
one predominantly narrative-oriented with a limited number
of characters and another dialogue-heavy with multiple inter-
acting charactcrs. Both cxcerpts were translated from English
into three languages: French, German, and Ukrainian.

Human-made translations into these languages were col-
lected and uscd as reference translations for cvaluation pur
poses.

For automated translation, the baschine approsch  wsed
a locally deployable large language model (LLM) Mcta
Llama 3.3-TOB-Instruct [ 10]. This multilingual model employs
an optimized Transformer archilecture with supervised fine-
tuning (SFT') and reinforcement learming with human feedback
(RLIIF), designed specifically o handle multilingual gener-
ation tasks cffectively. The choice of a locally deployable
model was deliberate, cnabling independence from cxternal
AP services and providing greater control over the rans-
lation process, Meta-Llama 3.3 supports multiple languages,
including French and German, which are well represented in
the model’s training dataset. Ukrainian is not officially listed
among the supported languages and iz less represented in the
training data.

Pucynox B.2 — Ctopinka 1 (pucyHOK CTBOPEHO CaMOCTIHHO)
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All source texts and translations were stored in plain text
(xt) format. The glossaries were stored in JSON format.

1. METHODRS

This scetion describes the proposcd  translation methods
aimed at improving consistency in translations of litcrary texts.
The rescarch introduces two complementary techmigues: a
glossary-bascd translation approach and a Progressive Context
Distillation method, together with their combined implemen
Lation.

A. Glossary Integration Technigue

To achicve tcrminological consistency, this tcchnique in
volves a two-stage process. Initially, the language model
(Meta-Llama 3. 3-TO0B-Tnstruct) automatically identifies key
domain-specific terms within the source text. This includes
recognizing fictional terms, character names along with their
gender information, and imporiant locations, acoompaniced
by bricf descriptive annotations, Subscquently, these torms
receive precise translations based on human-generated ref-
erence ranslations. The resulting structured  glossary, which
contains verificd translations, 1s stored scparatcly for cach
target language.

When translating, the glossary scrves as a contextual con
straint explicitly provided to the language model. Text is
scgmented through semantic chunking, grouping entire para-
graphs to minimize context disruption. The glossary terms and
corresponding translations from the prepared JSON glossary
guide the translation process, promoting an accurate and
consistent rendering of specialized terminology throughout the
lexl

B. Progressive Context Distillation Method

Maintaining narcative cohercnce in litcrary translation, par
ticularly with regard to locations and ongoing cvents, is
critical. To address this, the proposed Progressive Conlext
Distillation method (1) systematically cxtracts and updatcs
contextual information throughout the translation process (2).
Comtext extraction and updating occur dleratively, guiding the
translation of subscquent text chunks by cnsuring continuity
and consistency of narrative information.

OTX,; = UpdateContext{CT X, _y, C)) (1)

T, = Translate(C,, CTX,) (2)

where C; represents the current text chunk being translated,
while C1T°X;_ )y denotes the distilled context of the previous
chunk. The function UpdateContext combines this prior con-
text with the current chunk to produce an vpdated context
T X;. This new context i5 then passed along with O w the
function Translate, resulting in the translated output 77,

To ensure computational efficiency and remain within the
midel limitations, the length of CT'X, was capped at 500
tokens.

IV, EVALUATION METRICS

To ohjectively evaluate translation quality, this study cm-
ploys several automatic metrics: BLELU, CHEF++, Semantic
Similarity, and a novel Context Consisiency (CoCon) metric,

A, Translation gquality assessment methods and their limita
fios

BLELT (3) is a widely used metric to evaluate the quality
of machine translation by calculating precision based on the
overlap of n-grams between candidate translation and refer-
cnee translations,

N
BLEU — BP -exp (Z wy log p,.) 3

1
where 17 15 a brevily penally, py, s precision of n-grams, wy,
are umiform weights summing up to 1.

Despite its popularity, BLEU scores are heavily dependent
om exact matches amd strct word order, making it less suitable
for literary translations where stylistic varations arc common.

CIHEF++ evaluates translation quality based on chamacter
n-gram F-scores between candidate and reference toxis. Al-
though CHEF++ accommedates flexible word ordering better
than BLEL, it s6ll faces challenges due o hiterary paraphros-
ing and stylistic variation,

Like BLEL, CIHEF++ can undervalue semantically correct
translations that differ structurally from the relerence.

Semantic Similarity metrics based on sentence embed
dings provide a meaningful semantic assessment of transla-
tions beyond structural matching, In this research, sentence
cmbeddings were computed uwsing Sentence- BERT (model:
paraphrase-multilingual-MimLM-L12-v2) [11]. Cosine sirmi-
larity was applicd 10 measure semantic closcness between the
translated and reference texts.

Semantic Similarity elfectively caplures nuanced meaning,
making it the most suitable automated metric among those
considered for literary translation.

B, Contexi Consistency Meiric

To quantitatively measure the consistency of glossary terms
thromghout the translated ext, the Context Consislency metnic
(CoCon) (4) is introduced.

|. il
ColCon = ¥ Z Fl(termy) i)

i=1

where N s the total number of umigue glossary terms found
in the source text. By intcgrating fuzey matching into the Fl
(5) computation, the CoCon metric robustly handles translation
varations, penalizing both omissions and inconsisiencies. This
quantification of terminolegical stability is particularly crucial
in literary works, where domain-specific vocabulary must be
consislently rendered.

2 x Precision(term;) x Recall(term;)

Fi(te = —
(term;) Precision(term; ) + Recall (ferm, )

(3)
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where for cach glossary term ferm;, precision and recall are
computed by comparing the reference (human) translation with
the machine franslation vsing furery matching, which detects
approximate matches even in the presence of inflectional
changes or typographical differences. Specifically, precision
is defined as the mto of commect furzy maiches o the total
number of possible matches in the machine translation, while
recall 15 the ratio of cormect My malches oo the ol
occurmences in the human reference,

This metnc gquantifies erminological stability and consis-
tency in translations between narrative scgments, crucial for
literary works containing domain-specific vocabulary.

All combined metrics provide a comprehensive cvaluation
framework. Tlowever, despite advances in automated metrics,
humun analysis remains cssential for accuralely evaluating
the quality of litcrary translation duc to subtle stylistic and
semantic nuances that are difficalt to quantify automatically.

V. EXPERIMENTS AND RESULTS

Experiments were conducted using Meta-Llama 3.3-T0B-
Instruct through the Hogging Face Inference APT [12] and the
Together Al infrastructure, leveraging their scrver resources
o perform translations. In todal, translations were generated
for two hilerary lext excerpls (one namative-onented and one
dialogue-hcavy), resulting in 6 chunks for the narative cxecrpt
and 18 chunks for the dialopue excerpl. Each excerpt was
translated into three languages (French, German, Ukrainian)
using four translation methods:

» Baschne LIM translation (Txelault)

« LLM translation with Glossary (Glossary)

« LLM translation with Progressive Context Distillation

(Comlext)
« LLM translation intcgrating both Glossary and Context
(Context+Glossary)

To ohjectively cvaluate the translation methods, the aver-
aged results for cach method were computed across narrative
and dialogue excerpls. As cxpected, the standard avtomated
meirics BLEU (Fig. 1) and CHRF+ (Fig. 2) demonstrated
relatively low scores for all translation methods due to their
inherent imitations in evaluating semantically accurate but
structurally varicd litcrary translations.

Ayerage BLEU Seare by Method

Wandation Method

e o 1 7 1 a ] & 7
Average BLEL (%]

Fig. 1. Awerape BLEU scorc by method.

CHRF++ Scores by Method and Language
40

Language
== FR
= DE
I - R
a
'_\.

i
¢e.‘“u t} .ﬁﬁaﬁ d o

CHRF++ Score
L]
=

Method

Fig. 2. Awerage CHREF+ score by methiosd

Fig. 3 provides an illustrative cxample cleardy showing why
BLEU scores remain low despite accurate semantic translation.

Sqltim BLEY Taxt
Latar, it was sakd tha man cama from the north, from Ropers Gate. Ha
camie on Tool, leading his ladem horse by the bridls. 1 was labs
aftemocn and the mopers, saddiers’ and tanners’ sialls wane akready
closed, e street emply. It was hot but The mas kad 8 biack coat
thrown owar his shouldars. Ha drew attantion 1o hrmsalt

MNaTim d r 08 1 B ¥ MiCTD T
Coansy MLEOS il | 8 HaA T REmrD BB 2 nosig
Cromne NODGIAR | | Kpa NHHBAMG 75 DAMRIA Gy RO 3aMnHsen

B ETIHRE MR MALH0 TENnG TOR M
HAMRYTOND KA LOPHOND NRAEE - Sim

1000

Epans 14
noang

| DT IE B E
WA | O T

B npepapTan go cabe

[ r
G I BEYUN (B0I0 B SWyu0ro

© mcneofiane || cTiRKH ponapis | cypaneHEEE
DA SEREAT] | R Oy NOPomHR
I L | T 1§

Machime 1007

Fig. 3. Example of a BLELU sensativity.

As llustrated, BLET penalizes translations due o wond-
order changes and lexical vanations despite secmantic cormect-
nEss.

Semantic Similarity scores (Fig. 4) provided a more accu-
rate reflection of translation gquality,

Sarmartc_ Sy S iy Sedod e Lnguige

i
f
"
.
m . N
& - 7 &

2 oz =

ity &

#

e
Fig. 4. Semantic Similarily scores.

The resulis indicate that all methods (Glossary, Context,
Context+Glossary) outperform the bascline LLM translation,
Motably, the combined Context-+Glossary method consistently
achicved decent Semantic Similanity scores across languages,

The heatmap in Fig. 5 illustrates that the methods incor-
porating glossary integration, namely Glossary and Context
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and glossary, consistently outperform the defanlt model in all
largel languapes.

CoCon scares between methods and languages

Human 0,96 0.93 0.99%

-0g
0.8
Glossary
o7
Cantext+Glassary (X
(R
De=fauk
nd

FR GE UA

Fig. 5. ColCon scons.

These methods produce CoCon scores that are substantially
closer 0 hbuman refercnce, highlighting the critical role of
the glossary in improving terminological accuracy. This anal
yuis focuses specifically on g segment of nammalive content,
where consistent rendering of specialized terms is particularly
important. In contrast, the default LLM shows significantly
lower performance, highlighting the decisive contribution of
the glossary to translation gquality.

Tuble T summarizes the evaluation results, histing the av-
crage precision, recall, and F1 scores for cach language and
translation method.

TABLE [
COMPARATIVE RESULTE FOR EACH METHOD
Languag: Pl byl Precision | Recall F1
| Trench context 0,536 0623 | Oea
French | conbextrglossary 0. aa 0045 | Oam |
Freach detanlt (INIE] TG | o |
French glossary 0501 D957 [ETE]
(erman comlext 0434 0,574 | D469
German context g lossary (6 063 | 6oz
Ciorman detanlt (T No19 | O |
Liarman glossary NIE] 1 LT
| Tkramaan comlexl M558 nan L5
Lkraimaan coniexl-Hg lossary 0, =6t 0,058 0, T
[rainian detanlt 0563 0506 | O |
Ukrainian elissary [(ETT 0852 | 0ErT

The results presented in Table 1 demonstrate that translation
methods that incorporate glossary information consistently
produce higher precision, recall, and average Fl scores omm-
parcd to the default bascline method, These findings validate
the efficacy of the CoCon metric bascd on fuzzy matching to
capture erminological consistency across narrative segments,
underscoring its importance in maintaining stability in trans-
lations of literary works with specialized vocabulary.

¥I1. CONCLUSIONS

This research successfully achieved its defined objectives,
demonstrating the cffectivencss of the proposed translation
methods. The experimental evaluation confirmed that the Pro-
gressive Context Distillation approach effectively enhances
Semantic Similarity scores compared to standard translation
prompds, indicating its usefulness in preserving narrative co-
herence across translated text scgments,

Integrating glossary information greatly improved termmng-
logical consistency, cnsuring accurate and consistent use of
specialized terms in literary translation.

In general, the results demonstrate that LLMs can produce
decent-guality lilerary translations. when augmented with tar-
goted context and terminology management stratcgics. How
cver, evaluation metrics such as BLEU and CHEF++ struggle
iy caplure their nuanced guality, hghlighting the need for
human cvaluation.

This rescarch shows the potential of context- and glossary-
aware methods and lays the groundwork for future studics
with larger or ine-tuned models woimprove lilerary ranslaion
gquality.
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