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Abstract
We propose a referenceless evaluation method for machine translation (MT) models by assessing their performance
in translate-train scenarios across a variety of natural language processing (NLP) tasks. The approach ranks MT
systems based on the downstream impact of their translations on independent NLP models trained on translated
data, thus eliminating the need for professional ground-truth references. We evaluate four prominent MT tools —
ChatGPT 3.5 Turbo, DeepL, Google Translate, and Mistral 7B Instruct v0.2 — on the Romanian→English language
pair and analyze their influence on text summarization, sentiment analysis, and authorship identification. To further
test the generalization and robustness of our method, we extend the evaluation to a cross-modality setup using
out-of-domain speech data. In this setting, speech segments are transcribed with Whisper-Large, translated into
English, and used in a four-class domain classification task (children’s stories, audiobooks, film dialogues, podcasts).
Our findings show that translation improves downstream performance for sentiment analysis and summarization,
while stylistically rich texts such as poetry or noisy ASR transcriptions suffer degradation. The proposed ranking
metric correlates strongly with human judgments and remains sensitive to translation quality even in multimodal
pipelines, providing a scalable and practical alternative to reference-based MT evaluation.
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1. Introduction

Reliable evaluation of machine translation (MT)
systems remains an open challenge despite ex-
tensive prior work. Existing metrics often depend
on the availability and quality of reference transla-
tions, which are costly to obtain and can introduce
bias due to translator style, reference noise, or
domain mismatch. Furthermore, such reference-
based metrics (e.g., BLEU or chrF) may not accu-
rately capture how translation quality affects practi-
cal downstream tasks.

Recent research has increasingly emphasized
evaluation methods that do not rely on human-
crafted references, seeking to measure translation
quality from alternative perspectives such as se-
mantic consistency, fluency, or downstream task
performance (Lee et al., 2023). The main use
case of evaluation metrics is to provide a reliable
comparison between MT systems, motivating ap-
proaches that can operate without parallel corpora.

We propose a referenceless evaluation frame-
work for MT systems based on the translate-train
paradigm. Instead of comparing translated outputs
to human references, we evaluate how translations
affect downstream NLP task performance after the
source-language datasets are translated into the
target language. In essence, translation quality
is inferred from the impact it has on independent

models fine-tuned on the translated data.
We apply our framework on the

Romanian→English language pair, a rela-
tively low-resource direction that has received
little attention in translate-train settings. Using
three textual NLP tasks, sentiment analysis, text
summarization, and authorship identification in
poetry, we quantify how different MT systems
influence model performance when trained on
translated data.

To further test the robustness and generaliza-
tion of the proposed method beyond text-only in-
puts, we extend our experiments to out-of-domain
speech data from the RO-N3WS corpus (Diaconu
et al., 2026). In this setting, speech segments
are automatically transcribed in Romanian using
the Whisper-Large model (Radford et al., 2023),
translated into English by the same MT systems,
and used in a four-class domain classification task
covering children’s stories, audiobooks, film dia-
logues, and podcasts. This cross-modality exten-
sion allows us to examine whether our evaluation
metric remains sensitive to translation quality even
when upstream inputs are generated by automatic
speech recognition.
The main contributions of this paper are as fol-
lows: (1) We propose a referenceless evaluation
method for MT systems that ranks models based
on their downstream impact in translate-train sce-
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narios, without requiring human reference trans-
lations; (2) We conduct the first comprehensive
Romanian→English translate-train study, covering
sentiment analysis, summarization, and authorship
detection tasks, and analyze which settings benefit
from translation and which degrade in performance;
(3) We demonstrate that our ranking metric corre-
lates strongly with human judgments while main-
taining robustness across modalities through an
additional cross-modality experiment on RO-N3WS
speech data.

2. Background

This section summarizes key concepts underly-
ing our referenceless evaluation approach and the
translate-train paradigm.

Human evaluation of machine translation en-
compasses a broad range of methodologies for
assessing translation quality in a systematic man-
ner. As highlighted by Freitag et al. (2021), these
include rating translation quality on discrete or con-
tinuous scales at the segment or document level,
as well as identifying or annotating specific errors
(e.g., lexical, syntactic, or stylistic). Some meth-
ods also assess comprehension via gap-filling or
reading tasks. However, scale-based judgments
often suffer from high variability due to annotator
subjectivity and inconsistency across raters.

Reference-based MT evaluation relies on the
availability of one or more human-crafted refer-
ence translations, typically produced by profes-
sional translators, to compute similarity-based met-
rics such as BLEU, chrF, or COMET (Lee et al.,
2023). While these metrics remain the dominant
standard, they are inherently limited by the quality,
style, and representativeness of the reference text,
as well as by the availability of parallel corpora for
low-resource language pairs.

Quality Estimation (QE) emerged as a
reference-free alternative, initially proposed in the
WMT19 shared task (Fonseca et al., 2019). QE
systems estimate the quality of an MT output di-
rectly, without access to a reference translation, typ-
ically by leveraging supervised or semi-supervised
models trained to predict sentence-level quality
scores. These approaches inspired later refer-
enceless evaluation techniques that aim to cap-
ture translation adequacy and fluency intrinsically,
rather than through comparison to a gold standard.

Translate-train is a cross-lingual learning strat-
egy designed to mitigate data scarcity in low-
resource languages. The idea, explored by Jundi
and Lapesa (2022) and Artetxe et al. (2023), is to
translate available datasets from a low-resource
source language into a high-resource target lan-
guage and then fine-tune task-specific models
(e.g., for classification or summarization) on the

translated data. This technique enables leveraging
strong pre-trained target-language models while
preserving task semantics. Further extensions,
such as Yang et al. (2024), apply translate-train in
knowledge distillation settings to train bilingual or
multilingual encoders from monolingual ones.

Overall, translate-train provides a natural foun-
dation for our work: by observing how translation
affects the downstream performance of NLP mod-
els trained on translated data, we obtain an indirect
yet informative signal about translation quality, with-
out relying on human-generated references.

3. Related Work

Limitations of reference-based metrics. A large
body of research has analyzed the shortcomings
of traditional automatic metrics that rely on human-
crafted reference translations. Results from the
WMT22 shared task (Freitag et al., 2020) show
that such metrics often exhibit low correlation with
human judgments across diverse language pairs.
Classical match-based metrics like BLEU, chrF,
or TER tend to underestimate the quality of high-
performing MT systems, especially when multiple
valid translations exist (Mathur et al., 2020; Re-
iter, 2018). Even small variations in lexical choice
or phrasing can yield large score differences. As
highlighted by Kocmi et al. (2021), this reliance on
surface-level similarity has limited the progress of
MT evaluation for many years.

Impact of reference quality. Recent studies
have also demonstrated that the quality and con-
sistency of reference translations strongly influence
evaluation outcomes. Zouhar and Bojar (2024) in-
vestigated groups of translators with varying exper-
tise and found that the highest correlation with hu-
man judgment was obtained not for the most expert
translators, but for an intermediate-quality group.
This surprising finding underscores the instability
of reference-based metrics and the inherent bias
introduced by reference selection and quantity.

Referenceless and quality estimation ap-
proaches. To overcome these limitations, re-
cent work has explored reference-free evaluation
methods that directly model translation quality.
The WMT19 shared task on Quality Estimation
(QE) (Fonseca et al., 2019) established a founda-
tion for predicting sentence-level MT quality without
references. Building on this line of work, several
methods exploit multilingual language models to
capture cross-lingual semantics.

YiSi-2 with bilingual mappings (Lo and Larkin,
2020) computes semantic similarity between
source and target sentences using multilingual
contextual embeddings (e.g., BERT (Devlin et al.,
2019), XLM-RoBERTa (Conneau et al., 2020)). By
aligning embeddings across languages via bilin-
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gual projection, YiSi-2 improves correlation with
human ratings, addressing the language-clustering
effect that weakens cross-lingual comparisons.

Target-side language modeling (Zhang et al.,
2022) offers a purely monolingual alternative: it
evaluates MT output fluency by measuring perplex-
ity under a pretrained target-language model such
as XLM-R. This approach simplifies evaluation but
captures only fluency, not adequacy.

Cross-lingual embedding alignment, pro-
posed by Zhang et al. (2023), uses multilingual
knowledge distillation to implicitly align represen-
tations of parallel sentences, later integrated into
metrics such as BERTScore and Word Mover’s
Distance. Such methods enhance semantic equiv-
alence estimation without explicit references.

COMET and COMET-QE (Rei et al., 2020) rep-
resent a major leap toward neural MT evaluation.
COMET-QE is trained on human-annotated QE
datasets and predicts segment-level quality scores
using representations of both source and transla-
tion. It achieves a strong correlation with human
judgments and has become a standard baseline
for referenceless evaluation.

Our position. While prior reference-free meth-
ods rely on sentence-level semantic similarity or
quality estimation models, our approach is funda-
mentally different: we assess translation quality ex-
trinsically, by quantifying how translated data influ-
ence downstream task performance in a translate-
train setting. This perspective shifts the focus from
intrinsic text similarity to the functional utility of
translations in practical NLP pipelines. In contrast
to previous metrics, our framework can be applied
with generic monolingual datasets in the source
language and extends naturally to multimodal set-
tings, as demonstrated by our cross-modality ex-
periments on RO-N3WS speech data.

4. Proposed referenceless evaluation

We propose a reference-free evaluation framework
that compares machine translation (MT) systems
by measuring their impact on the performance of
downstream transformer-based models in super-
vised NLP tasks. Rather than assessing the similar-
ity between translations and human-crafted refer-
ences, our method quantifies how much the use of
translated data affects task performance under the
translate-train paradigm. This approach eliminates
variability caused by reference quality and reduces
the cost of data acquisition while maintaining high
correlation with human judgments.

Problem setup. Let us consider a fixed language
pair (source → target) and a set of n translation
systems Tj , j ∈ 1, n to be compared. Instead

of relying on parallel corpora, we use m monolin-
gual datasets in the source language, denoted by
Ds

i , i ∈ 1,m, each associated with a supervised
NLP task such as classification or summarization.
Each dataset has a bounded evaluation function
fi(y, ŷ) (e.g., F1-score or ROUGE-L), which we
denote more compactly as fDs

i
(M) for a model M.

For every dataset Ds
i and translator Tj , we gener-

ate a translated version in the target language:

Dt
ij = Tj(Ds

i ).

We then train two task-specific transformer models
with identical architectures: Ms

i (for the source lan-
guage) and Mt

ij (for the translated dataset). This
design ensures that any performance difference
can be attributed to translation quality rather than
model capacity.

Evaluation procedure. For each dataset Ds
i , the

following steps are performed:

1. Split Ds
i into train and evaluation subsets (or

apply k-fold cross-validation);

2. Train and evaluate Ms
i on Ds

i to obtain a
source-language baseline score fi(Ms

i );

3. Train and evaluate Mt
ij on Dt

ij following the
same protocol to obtain the translated-data
score fi(Mt

ij);

4. Compute the performance difference:

∆(Ds
i , Tj) = fi(Ms

i )− fi(Mt
ij), (1)

which captures the degradation (or improve-
ment) in task performance induced by transla-
tion. A smaller ∆ indicates better translation
quality, as the translated dataset preserves
task-relevant semantics more faithfully;

5. Aggregate the differences across all datasets
to compute a global score for each translator:

S(Tj) =

m∑
i=1

∆(Ds
i , Tj). (2)

Intuition. The metric ∆(Ds
i , Tj) reflects how

translation affects model learning for a given task,
while the cumulative score S(Tj) provides a robust
system-level ranking across diverse datasets. This
formulation enables fair comparison among MT
systems even when no human reference transla-
tions exist, and it naturally extends to multimodal
or noisy inputs, as demonstrated later with our RO-
N3WS cross-modality experiments.
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5. Translate-train on Romanian to
English

This section details the experimental setup used to
implement the proposed referenceless evaluation
framework on the Romanian→English language
pair. We describe the selected datasets, the as-
sociated NLP tasks and metrics, the translation
and transformer models employed, and the overall
training and evaluation setup. All experiments were
conducted under the same translate-train protocol
to ensure comparability across MT systems.

5.1. Datasets

Selection criteria. We surveyed available Ro-
manian NLP datasets covering various tasks such
as sentiment analysis, summarization, fake news
detection, authorship attribution, and others. Two
main criteria guided the selection: (1) the task
must remain well defined after translation to En-
glish, and (2) the dataset must contain at least
ten thousand samples to enable robust fine-tuning.
Tasks such as named entity recognition were ex-
cluded because label transfer across languages is
non-trivial. Based on these criteria, we selected
three datasets described below.

RoSent (Dumitrescu et al., 2020) consists of
28,000 movie and product reviews annotated with
positive or negative sentiment labels. A stratified
random subsample of 4,000 instances was used
for our experiments.

RoTextSummarization (Niculescu et al., 2022)
contains approximately 72,000 Romanian news ar-
ticles and their human-written summaries collected
between 2020 and 2022. A genre-balanced subset
of 8,000 examples was used.

Rupert1 is a corpus of Romanian poetry contain-
ing more than 17,000 poems by over 500 authors.
To ensure sufficient class representation, we re-
tained the 25 most frequent authors and sampled
5,000 poems stratified by author identity.

Subsampling. For each dataset, we used ap-
proximately 10–30% of the total data (stratified
where applicable) to balance computational cost
and statistical stability. Translation costs were also
a consideration, as private APIs such as DeepL
and ChatGPT incur usage fees per character.

Qualitative Examples. To better illustrate the dif-
ferences between translation systems, we present
qualitative examples from the two datasets used in
our experiments. Table 1 shows an example from
the RoSent sentiment analysis dataset, while Ta-
ble 2 provides a parallel comparison of translations

1https://huggingface.co/datasets/littlewho/
Rupert

for a poetic excerpt from the Rupert authorship
identification dataset.

In the RoSent example (Table 1), the Roma-
nian source text contains informal language, minor
grammatical inconsistencies, and colloquial phras-
ing typical of user-generated movie reviews. All
MT systems capture the overall sentiment of the
text, but they differ in lexical choices and fluency.
The large language model systems (ChatGPT and
Mistral) tend to produce slightly more fluent sen-
tences, occasionally normalizing punctuation and
capitalization. In contrast, the classical MT sys-
tems (Google Translate and DeepL) remain closer
to the structure of the source text but sometimes
propagate lexical errors present in the original sen-
tence.

Table 2 highlights a more challenging case in-
volving poetic text from Mihai Eminescu’s poem
Ce e amorul?. Unlike the RoSent example, poetic
translation introduces additional difficulties due to
the presence of rhyme, meter, and stylistic devices.
The parallel layout of the table allows a line-by-
line comparison of the Romanian verses and their
English translations. While all systems broadly
preserve the semantic content of the poem, none
of them maintain the original rhyme or metrical
structure. Furthermore, some lexical and gram-
matical inconsistencies appear across translations,
such as incorrect pronoun usage (e.g., translating
amorul with gendered pronouns) or subtle mis-
translations of context-dependent words.

Overall, these examples illustrate how transla-
tion quality interacts with downstream tasks. In
sentiment analysis, preserving general semantic
polarity is sufficient for good performance, whereas
in authorship identification the loss of stylistic fea-
tures such as rhythm, lexical nuance, and syntac-
tic structure can significantly affect model perfor-
mance.

5.2. Tasks and metrics

Sentiment analysis (RoSent) involves classifying
reviews as positive or negative. We report the
macro-averaged F1-score, which equals accuracy
for balanced data but is more robust to imbalances.

Text summarization (RoTextSummarization)
is a sequence-to-sequence task aiming to gener-
ate a summary of a given article. Performance is
measured using ROUGE-L, the most widely used
overlap-based metric for summarization.

Authorship identification (Rupert) is a multi-
class classification task where the model predicts
the author of a given poem. This task emphasizes
stylistic and lexical cues that are often lost during
translation. We again use the macro-averaged
F1-score as the evaluation metric.

https://huggingface.co/datasets/littlewho/Rupert
https://huggingface.co/datasets/littlewho/Rupert
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Model Romanian → English Example (RoSent)

Original chucky e inapoi ... si este timpul! de aceasta data, cu ajutorul lui jennifer tilly si o vraja putin
de la voodoo for dummies. ei bine, cel putin cu aceasta transa, tabara se intoarce [...]

ChatGPT 3.5 chucky is back... and it’s time! this time, with the help of jennifer tilly and a little voodoo spell
from voodoo for dummies. this has been by far the most fun in the series [...]

Mistral 7B chucky is back ... and it’s about time! with the help of jennifer tilly and a little voodoo from
voodoo for dummies. without a doubt the most entertaining installment [...]

Google Translate chucky is back... and it’s about time! this time, with the help of jennifer tilly and a little spell
from voodoo for dummies [...]

DeepL chucky’s back... and it’s time! this time, with the help of jennifer tilly and a little spell from
voodoo for dummies [...]

Table 1: Example from the RoSent dataset showing Romanian source text and English translations
produced by the evaluated MT systems.

Romanian ChatGPT 3.5 Mistral 7B Google Translate DeepL

Ce e amorul? E un
lung

What is love? It’s a
long

What is love? It is a
long

What is love? It’s a
long

What is love? It’s a
long

Prilej pentru durere, opportunity for pain, privilege for pain, time for pain, time for pain,
Căci mii de lacrimi nu-
i ajung

Because thousands
of tears

For thousands of
tears

Because thousands
of tears

For a thousand tears

Şi tot mai multe cere. are not enough and it
asks

are not enough and it
asks

are not enough and
he asks

are not enough and
more asks

De-un semn în
treacăt de la ea

With a fleeting sign
from her

From a passing sign
from her

With a passing sign
from her

From a passing sign
from her

El sufletul ţi-l leagă, it binds your soul it binds your soul he binds your soul he binds your soul
Încât să n-o mai poţi
uita

So that you cannot for-
get her

So that you cannot for-
get

So that you can no
longer forget

So that thou canst not
forget

Viaţa ta întreagă. your whole life. your entire life. your whole life. her your whole life.

Dar încă de te-
aşteaptă-n prag

But even if she waits Yet it waits for you But still waiting for you But still she waits

În umbră de unghere, in the shadow of cor-
ners

in the shadow of cor-
ners

in the shadow of the
corner

in the shadows of cor-
ners

De se-ntâlneşte drag
cu drag

If love meets love When love meets love To meet love with love If love meets love

Cum inima ta cere: as your heart desires as your heart desires as your heart asks as your heart asks
Dispar şi ceruri şi
pământ

Heaven and earth dis-
appear

The sky and earth dis-
appear

Heaven and earth dis-
appear

Heaven and earth dis-
appear

Şi pieptul tău se bate, and your chest beats and your chest beats and your chest beats and thy breast beats
Şi totu-atârnă de-un
cuvânt

And everything de-
pends on

And you are sus-
pended from

And everything hangs
on

And all hangs on

Şoptit pe jumătate. a word whispered
halfway.

a word whispered
half-heartedly.

a half-whispered
word.

a word half whis-
pered.

Table 2: Parallel comparison of a poetic excerpt from the Rupert dataset (Mihai Eminescu, Ce e amorul?)
and its translations produced by the evaluated MT systems. Lines are aligned across columns to facilitate
comparison of lexical and stylistic differences.

5.3. Machine translation models

We evaluated four translation systems representing
both commercial MT services and LLMs.

Google Translate and DeepL are industry-
standard systems optimized for high-quality trans-
lations across many language pairs. Both were ac-
cessed via their public APIs and used in sentence-
level mode (no batching).

ChatGPT 3.5 Turbo2 and Mistral 7B Instruct
v0.2 (Jiang et al., 2023) are general-purpose large
language models capable of translation. ChatGPT
was prompted in a zero-shot manner using: “Trans-
late from Romanian to English: <source text>”,
while Mistral 7B required a lightweight prompt-
engineering step to prevent hallucinations: You

2https://openai.com/index/chatgpt/

https://openai.com/index/chatgpt/
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are a helpful professional translator. You will be
prompted with texts to translate. You will respond
only with the translation. You will receive prompts
with the format: "Translate from Romanian to En-
glish: [Romanian text]". You will respond with:
"Translation: [English text]. Translate from Roma-
nian to English: <source text>. Running Mistral
in 16-bit quantized mode yielded only 0.5% non-
conforming outputs. We ignored rare hallucinations
that still produced syntactically valid outputs, as
they did not affect downstream evaluation.

5.4. Transformer models

For downstream NLP tasks, we selected pretrained
transformer architectures with comparable capacity
across source and target languages.

BERT (Devlin et al., 2019) was used for clas-
sification tasks (sentiment and authorship). We
employed the English BERT Base Cased model
(110M parameters) pre-trained on a 60 GiB cor-
pus, and its Romanian counterpart fine-tuned by
Dumitrescu et al. (2020) on a 15 GiB corpus.

BART (Lewis et al., 2020) was used for summa-
rization, leveraging the English base model and a
Romanian variant trained from scratch on a 50,GiB
corpus.3Each model has about 140M parameters
and a maximum output length of 1024 tokens.

5.5. Training setup

For all datasets, we trained models with 5-fold
cross-validation using consistent folds across Ro-
manian and translated versions. Texts were to-
kenized and truncated to the 95th percentile of
sequence length, reducing training time by about
50%. We fine-tuned each model for 10 epochs
with unfrozen layers using the Hugging Face frame-
work and AdamW optimizer (5×10−5 learning rate,
β1 = 0.9, β2 = 0.999, no weight decay). Batch
sizes were adapted per dataset (RoTextSumma-
rization: 8, Rupert: 16, RoSent: 32) to fully utilize
GPU memory. All experiments ran on NVIDIA RTX
4090 GPUs, totaling about 150 compute hours.

5.6. Results

Table 3 reports average task performance across
five folds for each MT model and dataset. The
baseline diff column corresponds to ∆(Ds

i , Tj) in
Eq. 1, and the final column aggregates these differ-
ences into the overall system score S(Tj) (Eq. 2).

Performance boost on basic tasks. The
translate-train approach improved downstream per-
formance for sentiment analysis (in three of four MT

3https://huggingface.co/Iulian277/
ro-bart-1024

systems) and for all systems in text summarization.
We note that ROUGE-L may overestimate perfor-
mance due to overlap with translated references,
but the pattern aligns with prior cross-lingual stud-
ies (Jundi and Lapesa, 2022; Artetxe et al., 2023).
These results suggest that Romanian NLP tasks
with primarily lexical content (e.g., sentiment) ben-
efit from translation into English.

Performance degradation on stylistic tasks.
For authorship identification in poetry, all MT sys-
tems performed worse than the Romanian base-
line, reflecting the loss of stylistic and rhythmic
cues during translation. This confirms that tasks
requiring deeper semantic understanding are less
suited for translate-train evaluation.

Cross-task variability. The best-performing
translator varies across tasks, indicating that differ-
ent MT systems exhibit complementary strengths.
Such variation underscores the importance of a
task-aggregated score like S(Tj) for fair ranking.
We later extend this framework beyond textual
data by applying the same methodology to out-of-
domain speech transcriptions from the RO-N3WS
corpus (Section 7), demonstrating that our metric
generalizes to multimodal inputs.

6. Results of MT models evaluation

Last column of Table 3 presents the overall scores
assigned to each MT system according to Equa-
tion 2. Each score represents the cumulative sum
of performance differences across all NLP tasks
between the translate-train setup and the corre-
sponding Romanian baseline.

6.1. Human Judgement Collection

To validate the proposed referenceless metric
against human perception, we conducted a hu-
man evaluation based on pairwise translation
preferences. A subset of 240 Romanian texts
was randomly sampled from the three NLP
datasets (RoSent, RoTextSummarization, and Ru-
pert). Each text was translated by two of the four
MT systems and presented side by side to anno-
tators, who indicated their preferred translation or
selected a tie using a five-point slider ranging from
“left much better” to “right much better.” MT system
identities were hidden to prevent bias, and both
text order and translation order were randomized.

Each annotator received a unique questionnaire
of 60 text pairs, balanced across the three datasets.
In total, we collected about 900 individual judg-
ments from 15 volunteers, including students and
professors in computer science, law, and foreign
languages. All participants were native Romanian

https://huggingface.co/Iulian277/ro-bart-1024
https://huggingface.co/Iulian277/ro-bart-1024
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RoSent RoTextSummarization Rupert
f1-macro baseline diff rouge-l baseline diff f1-macro baseline diff our score

Translate-Train with English results
ChatGPT3.5 92.33±00.69 +01.08 30.33±00.60 +06.07 65.28±01.71 -05.78 +01.37
GTranslate 91.82±00.49 +00.57 30.32±00.27 +06.06 64.88±01.98 -06.18 +00.45

DeepL 92.35±00.98 +01.11 29.23±00.51 +04.97 63.66±03.00 -07.40 -01.32
Mistral 7B 90.34±00.49 -00.91 28.08±00.64 +03.82 58.17±01.28 -12.89 -09.98

Romanian results
Romanian 91.24±00.30 - 24.26±00.43 - 71.06±01.19 -

Table 3: Training and evaluation results of baseline and translate-train experiments for each dataset
in combination with each Machine Translation model. Scores are in range [0, 100] and represent the
average over a 5-fold cross-validation run for each result having their standard deviations also reported.

speakers with verified English proficiency at B2–C1
level (reading C1 or higher).

To aggregate votes, we used a simple scor-
ing scheme: each tie contributed 0.5 points to
both systems, while a preference added 1 point
to the favored system. We also tested an extended
0.5/1.0/1.5 weighting scheme to reflect preference
intensity, but results showed no significant differ-
ence, so we retained the simpler scoring rule. Ta-
ble 4 reports the aggregated results alongside our
automatic evaluation for comparison.

Figure 1: Matrix of pairwise Pearson correlation
coefficients between annotators’ votes. Clusters
indicate groups with higher agreement.

6.2. Inter-Annotator Consistency

To assess consistency among annotators, we com-
puted pairwise Pearson correlation coefficients be-
tween individual vote vectors. Figure 1 shows the
resulting correlation matrix, reordered to highlight
annotator clusters. We observed generally posi-
tive correlations, with one outlier (User 3) showing
weaker agreement. Descriptive statistics yielded a
mean correlation of 0.62, median 0.69, and stan-
dard deviation 0.30, indicating moderate to strong
overall consistency. The high variance is expected
for subjective translation judgements.

6.3. Correlation Between Human and
Automatic Evaluation

We next compared the system rankings derived
from our referenceless evaluation with those ob-
tained from human preferences. Table 5 reports
Pearson correlations at both dataset and system
levels. The overall correlation of r = 0.87 demon-
strates strong alignment between our metric and
human judgments, confirming the reliability of the
proposed approach. Interestingly, the weakest
correlation was observed for the simpler RoSent
dataset (r = 0.48), suggesting that datasets with
limited linguistic complexity may be less informative
for distinguishing high-quality MT systems. Con-
versely, the poetry-based Rupert dataset showed
the strongest correlation (r = 0.98), indicating that
semantically and stylistically rich texts offer a more
sensitive signal for evaluating translation quality.

7. Cross-Modality Robustness
Evaluation

To further test the robustness and generalization
of our referenceless evaluation framework beyond
text-only settings, we extended experiments to spo-
ken data using the RO-N3WS corpus (Diaconu
et al., 2026). This experiment examines whether
the same translate-train formulation can capture
translation-induced performance differences when
the source text originates from automatic speech
recognition (ASR) rather than written input.

RO-N3WS corpus. RO-N3WS is a benchmark
Romanian speech dataset totaling over 126 hours
of manually transcribed audio, designed to study
robustness and domain generalization in low-
resource ASR. It consists of two major parts: (i) an
in-domain broadcast news component of approxi-
mately 105 hours, collected from national television
networks (ProTV and Antena 1), and (ii) an out-of-
distribution (OOD) component of about 21 hours,
spanning four stylistically distinct domains: audio-
books, film dialogues, children’s stories, and pod-
casts. All segments were manually cleaned and
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Translator RoSent RoTextSummarization Rupert Total Human score Our score
ChatGPT3.5 81.5 135 73.5 288 +01.37
GTranslate 64 97.5 71.5 227 +00.45

DeepL 57.5 90 54.5 202 -01.32
Mistral 7B 27 89.5 28.5 153 -09.98

Table 4: Aggregated human preference scores for each MT system using a 0.5/1.0 scoring scheme,
compared to the automatic scores derived from our proposed evaluation method.

Dataset Pearson Correlation
RoSent 0.4756

RoTextSummarization 0.6423
Rupert 0.9769

All 0.8741

Table 5: Pearson correlation between human judg-
ments and our referenceless evaluation scores,
reported per dataset and at the system level.

annotated following a uniform transcription protocol
to ensure consistent orthography, diacritics, and
number normalization. The OOD subset contains
more than 11,700 speech clips (mean length ≈ 6.3
s) covering both acted and spontaneous speech
under diverse acoustic conditions, making it partic-
ularly suitable for robustness analysis.

Experimental setup. We evaluate the robust-
ness of our referenceless evaluation framework
in a cross-modality setting using the OOD portion
of the RO-N3WS corpus. The task is formulated
as a 4-class domain classification problem, where
each speech segment must be assigned to one of
four domains: children’s stories, audiobooks, film
dialogues, or podcasts. We consider two types of
textual inputs derived from the speech data. First,
we use the ground-truth Romanian transcripts pro-
vided in the dataset. Second, we use automatic
transcripts produced by the Whisper-Large ASR
model. In both cases, the resulting Romanian
texts are optionally translated into English using the
same four MT systems evaluated in the text-only
experiments (ChatGPT 3.5 Turbo, DeepL, Google
Translate, and Mistral 7B Instruct v0.2). For each
setting, we fine-tune a RoBERTa-base classifier on
4,000 labeled examples using an 80/20 train/test
split to predict the speech domain. Performance
is measured using the macro-averaged F1-score,
which provides a balanced evaluation across all
classes.

Results and Discussion. Table 6 reports the re-
sults for both ground-truth transcripts and Whisper-
generated transcripts. Using the original Romanian
ground-truth texts yields the highest performance
(F1 = 0.856). When these texts are translated into
English, performance decreases moderately, with

Google Translate achieving the closest result to
the Romanian baseline (F1 = 0.801), followed by
DeepL, ChatGPT, and Mistral.

When automatic transcripts from Whisper-Large
are used instead of ground-truth text, we observe
a first degradation due to ASR errors (F1 = 0.856
→ 0.827). Subsequent translation of these tran-
scripts introduces an additional performance drop,
again with Google Translate yielding the best re-
sults among the MT systems (F1 = 0.760), followed
by DeepL, ChatGPT, and Mistral.

Overall, the relative ranking of MT systems re-
mains consistent across both ground-truth and
ASR-derived inputs. This suggests that the pro-
posed referenceless evaluation framework remains
sensitive to translation quality even when the
source text originates from an automatic speech
recognition pipeline. The experiment therefore con-
firms that our approach generalizes beyond clean
text data and can capture performance differences
in multimodal speech-to-text processing scenarios.

8. Limitations

Despite the strong correlation with human judg-
ment obtained by our referenceless evaluation
framework, several limitations remain, which we
aim to address in future work.

Language coverage. All experiments were
conducted on a single language pair and direc-
tion, Romanian→English. Although this choice
highlights the method’s suitability for a mid-
resource language, it limits generalizability to high-
resource or typologically distant pairs. Future
work will include additional directions such as
English→Romanian and Romanian→French to as-
sess cross-lingual transferability.

Scale of human evaluation. The human-
judgement study involved a relatively small group
of volunteer annotators. While their language profi-
ciency and inter-annotator correlation were satis-
factory, the number of raters may not fully represent
professional translation standards or large-scale
user preferences (Freitag et al., 2021). Expanding
the evaluation to a broader pool of participants will
improve statistical reliability.

Task coverage and applicability. The translate-
train paradigm naturally applies to supervised
tasks such as classification or summarization but
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Table 6: Cross-modality robustness results on the RO-N3WS OOD speech data. Scores represent mean
F1-macro across five runs.

Input Pipeline Translation Model F1-macro

Ground-truth Romanian transcripts
Ground truth (RO text) — 0.856
Ground truth + Google Translate (EN) GTranslate 0.801
Ground truth + DeepL (EN) DeepL 0.788
Ground truth + ChatGPT (EN) ChatGPT 3.5 0.775
Ground truth + Mistral (EN) Mistral 7B 0.734

Whisper-Large ASR transcripts
Whisper transcription (RO) — 0.827
Whisper + Google Translate (EN) GTranslate 0.760
Whisper + DeepL (EN) DeepL 0.752
Whisper + ChatGPT (EN) ChatGPT 3.5 0.742
Whisper + Mistral (EN) Mistral 7B 0.693

is less suitable for sequence-labeling or structured-
prediction tasks (e.g., named entity recognition,
question answering). This restricts the diversity
of datasets available for MT evaluation using our
framework. Developing adaptations for partially
supervised or generative tasks represents an im-
portant direction for extending its applicability.

Cross-modality constraints. The additional ex-
periment on speech-to-text data demonstrates the
framework’s robustness beyond text, but its scope
remains limited to pre-transcribed data. Direct inte-
gration with audio-based evaluation or end-to-end
speech translation models is left for future explo-
ration. Moreover, errors introduced by automatic
speech recognition propagate through the pipeline,
potentially conflating ASR and MT quality effects.

Ranking granularity. Our current formulation
tends to produce smaller relative differences be-
tween high-performing MT systems compared to
human assessments. This saturation effect may
arise from limited dataset complexity or from the
choice of evaluation metrics (e.g., ROUGE-L, F1-
macro). Future work will incorporate semantic-level
measures such as COMET-QE or BLANC to en-
hance ranking sensitivity among top-tier systems.

9. Conclusions

We introduced a novel referenceless evaluation
framework for MT systems, based on measuring
their downstream impact in translate-train scenar-
ios across multiple NLP tasks. By translating Ro-
manian datasets into English and training task-
specific transformer models on the translated data,
we quantified translation quality indirectly, through
the extent to which translations preserved task-
relevant information.

Experiments on three diverse textual tasks, senti-
ment analysis, text summarization, and authorship
identification, revealed that translation improves

performance for lexically oriented tasks while de-
grading performance for stylistically rich ones such
as poetry authorship. These results highlight that
MT benefits are task-dependent and that transla-
tion can amplify or obscure linguistic cues depend-
ing on semantic and stylistic complexity.

Our method eliminates the reliance on profes-
sional reference translations, thereby reducing
evaluation cost and bias while maintaining strong
correlation with human judgments (r = 0.87 at the
system level). The framework consistently ranked
MT systems in line with human preferences, con-
firming its validity as a scalable alternative to tradi-
tional metrics such as BLEU or COMET.

To further assess generalization, we extended
the framework to a cross-modality setting using
the RO-N3WS corpus, where speech data were
transcribed and translated before downstream clas-
sification. The results confirmed that our met-
ric remains sensitive to translation quality even
when the source text originates from automatic
speech recognition, demonstrating robustness
across modalities and noise conditions.

In summary, the proposed referenceless evalua-
tion offers a practical, efficient, and generalizable
alternative for assessing MT quality in realistic con-
texts. Future work will extend the framework to
more language pairs and tasks, add semantic-level
evaluation, and integrate end-to-end speech trans-
lation. By aligning evaluation with real downstream
performance, this work advances a more holistic
and reproducible paradigm for MT assessment.
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