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Abstract

This study examines how neural machine trans-
lation (NMT) systems and Large Language
Models (LLMs) handle subject pronoun realiza-
tion when translating from English into Turkish.
English generally disallows the omission of pro-
nouns, whereas Turkish is known as a pro-drop
language. One challenge for translation from
English to Turkish is thus determining when to
drop pronouns and when to realize them overtly.
We evaluate NLLB-200, M2M100, OPUS-MT,
TranslateGemma, LLaMa 3.1-Instruct, and our
fine-tuned variant of LLaMa on a new con-
structed benchmark data set, which targets sub-
ject realization patterns in Turkish, focusing
on embedded clauses and contrastive sentences.
NLLB-200 and OPUS-MT achieve higher over-
all translation quality. TranslateGemma aligns
more closely with human translations for the
pronoun o ‘he/she’, OPUS-MT for the pronoun
sen ‘you’, and NLLB-200 for the remaining
pronouns. However, the models overall are
nowhere near being able to reflect mirror hu-
man performance. Our error analysis indicates
that a missing understanding of the broader
discourse conditions on pronoun realization un-
derlies the current poor performance.

1 Introduction

Automatic machine translation has significantly im-
proved with the development of Neural Machine
Translation (NMT) and Large Language Models
(LLMs). In the context of a larger project studying
the ability of LLMs to deal with silent or unex-
pressed elements of language, we wondered how
well LLMs do with languages that allow for pro-
drop, namely, the omission of pronouns in certain
contexts. We present a case study that looks at ma-
chine translation (MT) from English, a language
that only allows for pro-drop in very restricted con-
texts (e.g, recipes, diaries; Weir and Haegeman
2026), to Turkish, a language that generally allows
for pro-drop (Goksel and Kerslake, 2005).
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Most studies have focused on translating from
pro-drop to non-pro-drop languages, where the
challenge for models is to recover omitted subject
pronouns. For example, Guillou (2012) annotates
omitted pronouns in the source language for learn-
ing in the context of statistical machine translation
(SMT) and Wang et al. (2018) argue that subject
pronouns are among the most challenging elements
to translate in NMT when going from the pro-drop
languages Chinese and Japanese to English.

In contrast, relatively little research has exam-
ined translation from non-pro-drop to pro-drop lan-
guages. In this direction the challenge is to cor-
rectly identify when pronouns should or can be
dropped and when they should not be dropped. The
structural difference between English and Turkish
thus serves as a good test case.

Given that there are very few existing resources
for English-Turkish MT and none that we know of
which focus on pro-drop, our first challenge was to
create a data set for benchmarking and evaluation
of state-of-the-art NMT and LLMs. To this end,
we constructed a data set consisting of embedded
clauses and contrastive sentences in English and
had these translated into Turkish by two human
translators. The intertranslator agreement was high
so we could confidently use this data as a bench-
mark for evaluation. The data focuses particularly
on embedded clauses and contrastive sentences be-
cause: 1) these were found to be problematic for
LLMs in a preliminary pilot study; 2) these con-
texts allow for both the omission and the overt re-
alization of pronouns — whether or not a pronoun
can be dropped depends on a number of linguistic
factors, such as co-referentiality (co-referential pro-
nouns should preferably be dropped) and contrast
(contrastive contexts generally inhibit pro-drop).

We evaluated the NMT models NLLB-200,
OPUS-MT, and M2M100, as well as two LLMs:
the translation-specialized TranslateGemma and
the general-purpose LLaMa 3.1 Instruct. We also



fine-tuned LLaMa for English-Turkish translation
to examine whether this improves subject pronoun
use. NMT models generally achieve higher transla-
tion quality. Specifically, in contrastive sentences,
NLLB-200 achieves the best performance (BLEU:
22.84, chrF: 59.48, COMET: 0.89), while OPUS-
MT performs best in embedded clauses (BLEU:
43.56, chrF: 71.28, COMET: 0.94). Fine-tuning
LLaMA increases overt subject generation by 69
instances in contrastive sentences (90.14% overt
pronoun use) and improves translation quality in
embedded clauses (BLEU improves by 15, chrF
by 16, and COMET by 0.5). However, all of these
results fall far short of human performance and the
results are quite poor. We find that while models are
able to pro-drop in Turkish, they underperform in
contrastive sentences in that these contexts legislate
against pro-drop, but the models nevertheless al-
low for pro-drop. In embedded clauses, pro-drop is
connected to the discourse recoverability of the pro-
noun, a constraint the models are also demonstrably
not sensitive to. Overall, our findings contribute to
a better understanding of state-of-the-art LLM and
NMT models behavior on pronoun realization in
the context of translation.

2 Background and Related Work

2.1 Pronoun Realization

Languages like English allow for the omission of
pronouns only in very restricted contexts, such as
diaries (Arrived in Mexico) or recipes (Boil for 8
minutes), e.g., see Weir (2012). It has been well-
established that this stands in contrast to other lan-
guages, which can either systematically drop only
subject pronouns (typical examples are Romance
languages, e.g., see Jaeggli (1982)) or all pronouns,
e.g., Chinese (Huang, 1984). Turkish is generally
classified as a pro-drop language, as it permits the
omission of pronouns in a wide variety of contexts
(Kornfilt, 1997, pp. 89, 129-130).

In this study we focus on subject pronouns to
allow for systematic testing. Goksel and Kerslake
(2005, pp. 241-243) note that subject pronouns in
Turkish must be preferentially overtly realized in
finite clauses when the subject differs from that of
the preceding sentence. This is often the case in sit-
uations expressing contrast or a topic discontinuity,
as shown in (1) with respect to contrast.

(D) Sen uyari-y1 gor-mez-den
you.NOM warning-ACC see-NEG-ABL

gel-ebil-ir-sin amaben ciddiye
come-PSB-AOR-2SG but [.NOM seriously
al-tyor-um.

take-PROG-1SG

“You might ignore the warning, but I take it

seriously.’

If a subject pronoun were dropped in such con-
texts, the contrastive interpretation is weaker and
the sentence sounds less natural, see (2).

(2) ??Bizher giin ¢op-ler-i at-1yor-uz
we every day trash-PL-ACC throw-PROG-1PL
ama () hichirig ~ yap-mi-yor.
but no  work do-NEG-PROG
‘We take out the trash every day, but (he/she)

doesn’t do any work.’

In embedded clauses we can work with gender
contrasts in that in (3-a) the pronouns /e can refer
to either Peter or another referent, but in (3-b) the
she is taken to refer to somebody other than Peter.

3) a. Peter; realized that he; k had made a
mistake.
b.  Peter; realized that she;, /, had made

a mistake.

Unlike English, Turkish does not gender its pro-
nouns, but there is a difference in pronominal real-
ization when non-finite clauses are embedded, as
in the translation of (3) shown in (4) (Giirel, 2002,
p- 29). Here the overt realization of the embed-
ded genitive pronoun onun signals that a discourse
referent other than Peter made a mistake.

@) Peter; onun,;,;,  bir hata
Peter he/she.GEN a mistake
yap-t1g-1-n1 fark et-ti.

do-NMLZ-3SG-ACC notice do-PST
‘Peter; noticed that he/she,;/, made a mis-

take.’

In contrast, when the subject of the embedded
clause is dropped, the interpretation is left under-
specified, since the null subject may refer either to
Peter or to another discourse referent. If the pro-
noun onun was dropped in (4), then Peter would be
the most likely referent of the null subject, since no
other discourse referent is available.

The challenge with both contrastive and embed-
ded clauses for English-Turkish MT is thus to real-
ize/omit pronouns in the correct conditions.

2.2 Machine Translation

Machine translation has improved significantly
in the last decades, moving from rule-based ap-
proaches to machine learning, yielding advanced



models in terms of NMT and LLMs, especially
in high-resource settings (Wang et al., 2022; Zhu
et al., 2024). Most recent approaches in MT pri-
marily rely on artificial neural networks, as these
systems generally produce higher-quality, context-
aware translations (Vaswani et al., 2017; Hu, 2024,
Wang et al., 2022; Zhang and Zong, 2020).

Building on the transformer architecture, LLMs
have also been developed in recent years, typically
using a decoder-only architecture and trained on
massive text corpora. These models have demon-
strated strong performance across various NLP
tasks, even without task-specific supervised train-
ing (Radford et al., 2019). In the context of MT,
general-purpose LLMs can be used, for example,
through in-context learning without updating the
model’s parameters (Brown et al., 2020), or by fine-
tuning on specific language pairs. In in-context
learning (zero-, one-, and few-shot), models per-
form tasks using instructions with little or no ex-
amples and can achieve strong results without task-
specific fine-tuning (Brown et al., 2020).

A major limitation of full fine-tuning is its com-
putational cost. Parameter-Efficient Fine-Tuning
(PEFT) methods address this by updating only a
small subset of parameters, reducing computational
cost while mitigating issues such as overfitting
and catastrophic forgetting (Xu et al., 2026). One
widely used approach is LoRA (Low-Rank Adap-
tation) (Hu et al., 2021), which introduces train-
able low-rank matrices while keeping the original
weights frozen. Its extension, QLoRA (Quantized
Low-Rank Adaptation) (Dettmers et al., 2023), fur-
ther improves efficiency by combining LoRA with
quantization, enabling the training of large mod-
els on limited hardware. However, these models
also present challenges: LLM outputs depend heav-
ily on prompts, may include hallucinations and
repetitions, and remain limited for low-resource
languages (Ataman et al., 2025).

2.3 Machine Translation for Turkish

With respect to pronoun realization in particular,
work has shown that NMT systems exhibit great
variation in pronoun usage, often overusing (NLLB-
600M) or underusing pronouns compared to hu-
man translations (Sizov et al., 2024). For the low-
resource language Turkish (Aci et al., 2025), pre-
vious work by Zhu et al. (2024) found that NLLB
(No Language Left Behind) achieves higher BLEU
scores than ChatGPT and GPT-4 for Turkish and
other Turkic languages. We can also build on some

previous existing research that has examined chal-
lenges in the English to Turkish translation of pro-
nouns in relation to gender marking and subject
omission (Portillo Palma and Alvarez Vidal, 2024,
Ciora et al., 2021). This work has shown that both
NMT systems and LLMs struggle to fully make use
of contextual information, leading to systematic bi-
ases and inconsistencies in the translation. While
we can build on these studies, they mainly offer
insights into gender-related issues in the realization
of pronouns, but do not examine broader model
performance or pronoun realization (when to omit
and when not) in Turkish.

3 Methodology
3.1 Benchmark Data

Our first task was to construct a data set we could
use for evaluation. We were not able to identify
existing data that would serve our purposes and
therefore constructed our own. Given the known
properties of Turkish, cf. §2.1, we decided to focus
on two types of sentences: embedded clauses and
contrastive sentences.

Embedded clauses were constructed using com-
plementizers (e.g., that, whether, if) and inter-
rogative words (what, who, which, where, why,
when). Each sentence was paired with a version in
which the embedded subject either matched or mis-
matched the matrix subject in gender (e.g., Maria
said that she/he would arrive early). To control for
potential reliance on world knowledge, the data set
included both proper names and pronouns. Con-
trastive sentences involved conjunctions such as
but, though, yet, while, whereas, and however.

In total, we constructed 192 sentences with em-
bedded clauses and 109 contrastive sentences. The
numbers are not quite even because the filtering
process resulted in different numbers of acceptable
instances for each sentence type. We used Perplex-
ity! through its chat interface by providing prompts
that specified the required linguistic properties of
the predefined sentence types to systematically cre-
ate our benchmark data. The automatically created
data was then manually reviewed by the authors
and a native English speaker to ensure grammati-
cality and naturalness, resulting in the final count
of 192+109 sentences after the manual weeding
out of unacceptable/unnatural sentences, including
sentences containing dummy (expletive) pronouns
such as it.

"https://www. perplexity.ai/
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All sentences were then translated from English
into Turkish by two volunteer human translators,
both with bachelor’s degrees in translation and
a master’s degree in linguistics. The embedded
clause data set was evenly distributed across transla-
tors, and the contrastive data set was approximately
balanced (55 vs. 54). To ensure reliability, the trans-
lators also evaluated each other’s translations using
a TQA (Translation Quality Assessment) based on
a 5-point Likert scale (with 5 the best score), com-
monly used to assess MT output (Castilho et al.,
2018, p. 10). The human translations both received
high scores (Embedded: M =4.98, SD =0.14; Con-
trast: M =4.91, SD = 0.29), indicating comparable
translation quality. The high quality of the trans-
lations allowed us to use these as a gold standard
reference benchmark for our investigations. 2

3.2 Patterns in the Benchmark Data

Embedded Clauses In cases of gender mismatch
between the embedded and matrix subjects, human
translators consistently used onun (third-person
singular genitive) in all 96 cases, reflecting overt
pronoun realization within the clause. In contrast,
when the subjects matched, the embedded subject
was never realized overtly. This pattern indicates
a very systematic use of omission vs. realization
of the pronoun for referential purposes: when the
gender mismatches in English the overt pronoun
is used; when the gender matches, the pronoun
is dropped. That is, although the overt genitive
form is not obligatory for referential distinction, it
is used to maintain clear referential distinction in
embedded clauses.

Contrastive Sentences A total of only five out
of 213 pronouns were dropped—one each for #e, I,
they, we, and you—all by Translator 1. This indi-
cates that pronouns are overwhelmingly expected
to be realized overtly in contrastive situations.

3.3 Pronoun Identification and Annotation

One crucial step in evaluating the MT performance
involves the identification and annotation of the
realized or omitted pronouns. To this end, we per-
formed tokenization, POS tagging, and dependency
parsing on the generated English data using Stanza
(Qi et al., 2020). The corresponding Turkish refer-
ence translations were annotated for pronoun real-
ization: dropped pronouns were coded as O (omit-

’The data and code are available at https://github.
com/buketsak/turkish-prodrop-nmt-11lm.git

ted) and retained pronouns as 1 (realized). For
embedded clauses, we analyzed pronoun drop pat-
terns based on potential coreference, determined
by gender agreement: matching gender indicates
possible coreference, while mismatch signals non-
coreference. We found the automatic annotation
to be more challenging for the contrastive trans-
lated sentences and ended up using UDPipe 2.3
(Straka, 2018), specifically the pretrained "turkish-
penn-ud-2.17-251125" model, to identify the sub-
ject pronouns. The annotations were then manually
corrected to address missing or incorrectly assigned
subject relations. Table 1 shows the distribution
of pronouns across both sentence types. Recall
that only the third person singular pronouns allow
for coreference/non-coreference effects in embed-
ded clauses due to the gender matching in English,
which is why we only focused on these third person
pronouns for the embedded sentences.

Pronoun Embedded Contrastive

he 142 42
she 140 40
you 0 46
I 0 45
we 0 20
they 0 20

Table 1: Distribution of pronouns across embedded and
contrastive sentences.

3.4 Machine Translation

We used the following models to investigate how
well state-of-the-art NMT and LLMs can handle
the translation of pronouns from English into Turk-
ish. Due to computational constraints, models ex-
ceeding 8B parameters or closed-source models
were not included.

* opus-tatoeba-en-tr (Tiedemann, 2020): a
bilingual NMT model from the OPUS-MT
collection.

* m2m100-418M (Fan et al., 2021): a multi-
lingual transformer-based model that enables
translation between 100 languages.

e NLLB-200-3.3B (Team et al., 2022): a
model specifically trained for low-resource
languages (although Turkish is not considered
a low-resource language in this framework,
several other Turkic languages are).
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¢ TranslateGemma-4B (Finkelstein et al.,
2026): a multilingual MT model based on the
Gemma 3 architecture, a decoder-only LLM
adapted for translation tasks.

e LLaMA-3.1-8B-IT (Grattafiori et al., 2024):
an instruction-tuned LLM with 8B parameters
designed for multilingual and general-purpose
tasks. Turkish is not among the languages
officially supported by the model.

3.5 Fine-Tuning LLaMa

Since previous work indicated that the fine-tuned
LLMs can yield higher translation quality (Zhang
et al., 2023; Stap et al., 2024), we also fine-tuned
LLaMA-3.1-8B-Instruct for the translation task us-
ing QLoRA with 4-bit quantization (BitsAndBytes)
to investigate whether performance improvements
could be achieved. The model was trained on
data from the Tatoeba Project (Tiedemann, 2020),
which consists of English—Turkish sentence pairs.
The training data were filtered to include sentence
structures similar to those in our data set (e.g., ex-
plicit personal pronouns, contrastive markers, and
similar dependency relations). After filtering, the
data set included 25,465 English-Turkish sentence
pairs, of which 20,372 were used for training dur-
ing fine-tuning (setting aside the remainder for po-
tential validation). Training data were formatted
in a chat-style structure (system—user—assistant),
and LoRA adapters were applied to all attention
and feed-forward projection layers. The model was
trained for 3 epochs (learning rate 2 x 10~4, batch
size 1, gradient accumulation 4) on two NVIDIA
T4 GPUs (8 h 38 min), without validation due to
computational constraints.

Only the first sentence generated by the model
was considered to ensure consistent comparison
with models producing single-sentence outputs.

Using the same annotation pipeline described
in §3.3, embedded clauses were processed with
Stanza and contrastive sentences with UDPipe, fol-
lowed by manual correction. Model outputs were
then compared to human translations to assess their
alignment with human performance.

4 Results and Discussion
4.1 Evaluation of Out-of-the-Box Machine
Translation Quality

Table 2 shows evaluative scores of the translation
quality for each of the MT and LLM models in-
cluded in this study. The commonly used met-

rics BLEU (Papineni et al., 2002), chrF (Popovi¢,
2015), and COMET (Rei et al., 2020) were used to
assess translation quality, with each metric captur-
ing different aspects of the translated output.

While OPUS-Tatoeba-EN-TR achieves the high-
est scores across all metrics on embedded clauses
(43.56, 71.28, and 0.94, respectively), NLLB-200-
3.3B performs best on contrastive sentences (22.84,
59.48, and 0.89, respectively). Overall, the mod-
els perform better with respect to the embedded
sentences, suggesting there is something about the
structure of the contrastive sentences that is chal-
lenging for the models.

In the following sections we look at how the
models handled subject pronoun realization. To
this end, we analyzed both the overall rates of
overt pronoun generation and the patterns asso-
ciated with individual pronouns.

4.2 Evaluation of Pronoun Realization
4.2.1 Overt Pronouns in Embedded Clauses

In embedded clauses, subject omission in gender-
mismatch cases reflects a choice rather than an er-
ror, as omission may introduce ambiguity, whereas
overt realization clarifies the referential relations.
Given what is known about Turkish and the very
consistent usage exhibited by the translators, we
expected that models would favor overt subject
pronouns in non-coreferential contexts to avoid
ambiguity. However, this expectation was not
supported, as the models did not produce a suf-
ficient number of overt pronouns to reliably re-
flect this distinction. In fact, the production of
overt pronouns was very low. Of the 96 gender-
mismatching instances in which the human transla-
tions use an overt pronoun, the models performed
as follows: TranslateGemma-4B (29/96, 30.21%),
NLLB-200-3.3B (20/96, 20.83%), OPUS (8/96,
8.33%), LLaMA3.1-IT-8B (5/96, 5.21%), and
m2m100-418M (1/96, 1.04%). While none of these
models generated third person pronoun onun in
gender-matched cases, some models generated re-
flexive pronouns such as kendi ‘-self’ and its in-
flected forms, indicating a preference for maintain-
ing coreference with the subject.

4.2.2 Contrastive Sentences

Our expectation for contrastive sentences was that
the models should overwhelmingly realize the sub-
ject pronouns overtly, in line with the general pat-
tern observed in Turkish. This expectation was not
realized as the models did not match human pro-



BLEU chrF COMET

Embedded/Contrast Embedded/Contrast Embedded/Contrast
OPUS-EN-TR 43.56/21.77 71.28/58.15 0.94/0.86
m2m100-418M 23.85/8.12 56.22/46.90 0.90/0.78
NLLB-200-3.3B 39.02/22.84 66.12/59.48 0.93/0.89
TranslateGemma-4B 30.30/17.06 62.84/54.50 0.91/0.88
Llama3.1-IT-8B 20.92/13.02 51.88/49.39 0.88/0.82

Table 2: Translation quality results for embedded and contrastive sentences, respectively. Best scores in bold.

Model Overt Dropped O(%) D(%)
human_translations 208 5 97.65 2.35
opus-tatoeba-en-tr 154 59 72.30 27.70
m2m100-418M 44 169 20.66 79.34
NLLB-200-3.3B 184 29 86.38 13.62
translategemma-4b 172 41 80.75 19.25
llama3.1-IT-8B 122 91 57.28 42.72

Table 3: Distribution of overt and dropped subjects
across models in contrastive sentences (out of 213 cases).
O stands for Overt, D for Dropped

Model Pronouns NPs Total O(%) D(%)
human_translations 208 0 208 97.65 2.35
opus-tatoeba-en-tr 129 25 154 7230 27.70
m2m100-418M 44 0 44 20.66 79.34
NLLB-200-3.3B 157 27 184 86.38 13.62
translategemma-4b 169 0 172 80.75 19.25
llama3.1-IT-8B 122 0 122 57.28 42.72

Table 4: Distribution of overt pronouns, overt noun
phrases (NPs), and dropped subjects across translation
models in contrastive sentences (out of 213 cases). O
stands for Overt, D for Dropped

noun frequencies. This performance thus falls short
of human-level accuracy, with model m2m100-
418M performing the worst.

Another issue that arose is that when models do
not generate the expected pronouns in contrastive
sentences, they often produce non-target lexical
items. For instance, NLLB-200 frequently gener-
ates nouns such as kadin ‘woman’, erkek ‘boy’,
kocast ‘his/her husband’, adam ‘man’, and karisi
‘his/her wife’ instead of a pronoun. OPUS-EN-TR
exhibits similar behavior with nouns such as adam
‘man’ kadin ‘woman’, and kiz ‘girl’ in contexts
where the third-person singular pronoun o was ex-
pected. In other words, when translating ke or she,
models—particularly OPUS-EN-TR and NLLB-
200-3.3B—tend to replace the neutral pronoun
with more specific noun phrases. This tendency
may stem from the limited referential specificity of
third-person pronouns, which in Turkish are often
replaced by explicit noun phrases to ensure clarity
(Goksel and Kerslake, 2005, p. 240). While some

of these substitutions are acceptable (e.g., using a
gendered noun such as kadin or adam), replacing
the subject pronouns with relational noun phrases
(e.g., his wife, her husband) results in incorrect
translations. For TranslateGemma, some generated
items in subject position, such as her ‘every’ and
diger ‘other’ cannot function as valid subjects in
Turkish as they do not constitute a whole NP by
themselves.

In our evaluation we thus first examined how
often the MT models generated or dropped sub-
jects, regardless of their word class. Table 3 reports
the distribution of overt and dropped subjects in
subject positions, regardless of noun/pronoun sta-
tus, while Table 4 provides a breakdown of these
subjects by noun phrase and pronoun status. The
NLLB model produces the highest number of overt
subjects (184), followed by TranslateGemma (172).
In contrast, m2m100 shows a clear discrepancy,
with the majority of subjects being dropped.

Figure 1 looks at the distribution of only the
pronoun realization in more detail in order to as-
sess how human like the models performed with
respect to just the targeted pronouns. The left
side shows the raw numbers of pronouns gener-
ated across the models and the human translators.
TranslateGemma-4B generates the most overt pro-
nouns (highest bar after the human translators).
Conversely, m2m100-418M produces the least
number of overt pronouns (lowest bar). Although
NLLB frequently realizes subjects overtly (Ta-
ble 3), it favors lexical noun phrases over pronouns
in third-person contexts, unlike TranslateGemma-
4B. This suggests that subject realization and pro-
noun choice are distinct modeling decisions.

The right side of Figure 1 provides a comparison
in terms of percentages of pronouns realized. It can
be seen NLLB-200-3.3B matches the human distri-
bution of realized pronouns most closely, despite
producing nouns instead of pronouns. In contrast,
LLaMA and TranslateGemma tend to produce the
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Figure 1: Model vs. Human Translations by Pronoun Occurences and Rates. ben (I), sen (you), o (he/she), biz (we),

siz (you, formal singular or plural), onlar (they).

formal form siz instead of sen, suggesting a bias
toward more formal or socially neutral forms for
second person pronouns.

In general, NLLB-200 produces the highest num-
ber of overt subjects, largely due to its preference
for overt third-person singular forms. This partially
aligns with Sizov et al. (2024), who report that
NLLB-600M generates more pronouns than other
models. LLaMA, in contrast, performs poorly, sug-
gesting that the underrepresentation of Turkish in
its training data limits translation quality. Never-
theless, it still outperforms m2m100-418M, which
may reflect the role of model architecture and scale
in shaping the linguistic capabilities of LLMs.

4.3 Evaluation of Fine-Tuned LLaMA

Fine-tuning LLaMA led to an improvement in
translation quality, particularly for embedded
clauses across all metrics (BLEU: 36.11, chrF:
68.65, COMET: 0.93). This corresponds to a
gain of 15 BLEU points, 16 chrF points, and 0,5
COMET. In contrast, only modest improvements
were observed for contrastive sentences, (BLEU:
13.70, chrF: 50.02, COMET: 0.85).

The fine-tuned model has the highest number of
overt genitive pronouns with 30 instances for em-
bedded clauses in mismatching cases, and resulted
in having 192 overt subjects (90.14%) and only 21
dropped (9.86%) subjects out of 213 instances in
contrastive sentences. Additionally, this model gen-
erated one instance of onun in a gender-matched
case, which was not expected in this context.

Fine-tuning brings the model closer to human
performance, and enables it to outperform all other
models in our study, even with parameter-efficient
training. The gains are particularly pronounced
in terms of pronoun realization for contrastive
sentences, whereas improvements for embedded

clauses remain limited. Overall, the fine-tuned
model shows improved handling of referential rela-
tions and more appropriate pronoun use.

4.4 Error Analysis

In order to understand the models’ performance in
even more detail, we conducted an error analysis
when targeted pronouns were not realized.

Performance for Embedded Clauses Some
models replace onun with non-target genitive
forms, including reflexives, demonstratives and
lexical nouns.  This is particularly evident
in TranslateGemma-4B and LLaMA3.1-IT-8B.
TranslateGemma-4B also produces lexically ap-
propriate but orthographically incorrect forms such
as o’nun, as well as pragmatically inappropriate
demonstrative genitives like bunun ‘of this’.

Performance for Contrastive Sentences Table
5 reports precision, recall, F1 score, and accuracy
for the models on the task of generating overt pro-
nouns in contrastive sentences. Given that pronoun
realization is expected in nearly all cases, recall
is the most informative metric, as it reflects how
effectively models capture contexts requiring pro-
nouns. The fine-tuned model achieves the highest
recall (0.91), followed by NLLB-200 (0.88 recall).

Table 6 provides the results for each pronoun.
Among the base models, NLLB-200 performs best,
with high recall for ben, biz, and onlar, and the
highest overall accuracy (0.74). TranslateGemma
achieves the best results for third-person singular
o, while OPUS performs best for second-person
singular forms but shows reduced performance for
o and onlar, likely due to third-person ambiguity.
The fine-tuned LLaMA yields the highest scores
for all pronouns except sen. Overall, NLLB-200,
TranslateGemma, and OPUS show relatively strong



Model Precision Recall F1 Accuracy
opus-en-tr 1.00 0.74  0.85 0.75
m2m100-418M 1.00 0.21  0.35 0.23
NLLB-200-3.3B 1.00 0.88 0.94 0.89
TranslateGemma-4B 0.98 0.81  0.89 0.80
Llama3.1-IT-8B 0.99 0.58 0.73 0.58
Fine-tuned Llama3.1-IT-8B 0.99 091 0.95 0.91

Table 5: Precision, recall, F1 score, and accuracy for overt subject prediction across models. The top two scores are

shown in bold.

ben sen o biz onlar Accuracy
opus-en-tr 0.84 0.78 0.43 0.74 0.37 0.61
m2m100-418M 0.43 0.13 0.09 0.21 0.37 0.20
NLLB-200-3.3B 093 0.76 0.60 0.84 0.79 0.74
TranslateGemma-4B 0.86 0.11 090 0.79 0.79 0.70
Llama3.1-IT-8B 0.75 0.11 0.63 0.53 047 0.51
Fine-tuned Llama3.1-IT-8B 0.93 0.69 0.96 0.95 1.00 0.89

Table 6: Recall and overall accuracy of Turkish pronouns across models. Bold scores indicate the highest score
within each model, and underlined scores indicate the highest score across models. The pronoun siz is not present as
it does not occur in the gold translations. (Full precision, recall, and F1 results are provided in Appendix A.)

performance, whereas LLaMA3.1-IT-8B underper-
forms without fine-tuning, indicating difficulties in
modeling Turkish pronoun realization.

As discussed above and shown in Figure 2, the
most prominent pattern is that LLMs tend to pro-
duce more formal responses (e.g., using siz instead
of sen). Additionally, NMT systems generate al-
ternative lexical choices instead of o, indicating a
preference for gender specification.

Moreover, models tend to drop initial subject
pronouns while realizing later ones overtly, espe-
cially in LLaMA3.1-IT-8B and TranslateGemma-
4B, though the pattern also appears in other models.
This is unexpected for contrastive sentences, but
may be a pattern the models otherwise generally
observed in their training data.

Although models may satisfy surface require-
ments (e.g., overt pronoun use), they may fail to
achieve proper structural, morphological, and se-
mantic integration. For example, TranslateGemma-
4B exhibits morphosyntactic errors, including in-
correct case marking, incorrect suffix realization,
and direct lexical transfer from English, such as
bahgelemek for ‘to garden’ or resimlemek for ‘to
paint’. LLaMA exhibits similar error patterns, in-
cluding literal translations that do not correspond
to actual words in Turkish (e.g., danslamak) along
with syntactic, morphological, and case-marking
errors. Although the fine-tuned variant produces

more subject pronouns, it still shows grammatical
limitations, including lexical (e.g., translating ‘wal-
let’ as parmak ‘finger’) and morphological errors
(e.g., mutluyorsun for mutlu oluyorsun ‘you be-
come happy’) and semantic inconsistencies. For ex-
ample, identical source content was translated dif-
ferently, resulting in a change in meaning. (hallway
— koridor in one sentence, but merdiven ‘stairs’)
in its paired sentence.

5 Conclusion

We evaluated how NMT systems and LLMs handle
subject pronoun realization in Turkish, compar-
ing their outputs with human translations in con-
texts where overt pronouns are required despite the
language’s overall ability to pro-drop. We found
that the models handle embedded subjects well,
but tend to drop them in gender mismatch con-
texts, when they should be overt. Conversely, we
also found that although Turkish predominantly
allows for pro-drop, the models do produce overt
pronouns, suggesting some limited sensitivity to
discourse-level constraints.

The findings show that NMT models, partic-
ularly NLLB-200 and OPUS-MT, outperformed
LLMs in overall translation quality. Results for in-
dividual pronouns vary across models, with NLLB-
200 showing greater similarity to human transla-
tions across a larger number of pronouns. Fine-
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Figure 2: Confusion Matrices of Turkish Personal Pronoun Realizations Across Translation models

tuning improves translation quality for embedded
clauses, and increases pronoun realization in con-
trastive sentences.

Overall, although both NMT systems and LLMs
demonstrate some ability to handle subject pronoun
realization, they have not yet reached human-level
performance and clearly deviate from human trans-
lations in Turkish. Even when subjects are present
in the source language, the systems fail to generate
consistent and reliable output.

The main contributions of this study are as fol-
lows: (i) the creation of an annotated data set for
conditions governing pro-drop, (ii) the fine-tuning
of a LLaMA model for English-Turkish translation
using QLoRa, and (iii) an error analysis that reveals
linguistic patterns in model outputs.

Limitations

There are several limitations in our study. First,
we did make use of synthetic data to create our
benchmark evaluation set. While this was checked
by humans, it may still have introduced a bias. Sec-
ond, we also used names in our embedded clauses,
but the association between names and pronouns
is not always prototypical, as a given name can
correspond to different gender identities (Gautam
et al., 2024), adding a level of complexity to the
task. Finally, the relatively small size of the data
set might limit the generalizability of the findings.
Future work should expand the data set, explore
additional contexts requiring overt pronouns, and
evaluate larger models.
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A Appendix: Detailed Evaluation Scores

Model Pronoun Precision Recall F1 Overall Acc.
OPUS-EN-TR ben 1.00 0.84 0.91 0.61

sen 1.00 0.78 0.88

o 1.00 0.43 0.60

biz 1.00 0.74 0.85

onlar 1.00 0.37 0.54
m2m100-418M ben 1.00 0.43 0.60 0.20

sen 1.00 0.13 0.24

o 1.00 0.09 0.16

biz 1.00 0.21 0.35

onlar 1.00 0.37 0.54
NLLB-200-3.3B ben 1.00 0.93 0.96 0.74

sen 1.00 0.76 0.86

0 1.00 0.60 0.75

biz 1.00 0.84 0.91

onlar 1.00 0.79 0.88
TranslateGemma-4B  ben 0.97 0.86 0.92 0.70

sen 1.00 0.11 0.20

o 1.00 0.90 0.95

biz 1.00 0.79 0.88

onlar 1.00 0.79 0.88
Llama3.1-1T-8B ben 1.00 0.75 0.86 0.51

sen 1.00 0.11 0.20

0 1.00 0.63 0.77

biz 1.00 0.53 0.69

onlar 0.90 0.47 0.62
Fine-tuned Llama ben 0.98 0.93 0.95 0.89

sen 0.97 0.69 0.81

0 1.00 0.96 0.98

biz 1.00 0.95 0.97

onlar 1.00 1.00 1.00

Table 1: Per pronoun precision, recall, and F1 scores for each model.
Overall accuracy is reported once per model.
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