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Abstract

Multimodal machine translation (MMT) aims to integrate visual context with textual data
to improve the translation of ambiguous source text, such as the inclusion of an image as
additional context. However, the evaluation of systems largely still relies on automatic
metrics designed to evaluate text alone, and do not account for additional modalities during
evaluation. The lack of dedicated MMT evaluation methods often results in inconsistent
findings and creates uncertainty regarding the actual contribution of visual context in
translation. In this work, we examine the performance of state-of-the-art trained and
untrained evaluation metrics, particularly when comparing multimodal and text-only
systems. Our evaluation focuses on the degree to which existing metrics are sensitive
enough to distinguish between multimodal and text-only machine translation systems. We
further investigate the potential for automatically generated image descriptions to serve
as effective contextual signals for improving metric sensitivity to multimodal tasks. Our
results show that incorporating such visual information into supervised metrics yields
better alignment with human judgment. While all metrics successfully distinguished
image-aware from image-agnostic systems on general test sets, both n-gram-based and
embedding-based metrics struggled with respect to contrastive evaluation designed to
capture context-dependent errors. Furthermore, we discuss how the presence of visual
context may influence human evaluator judgment, observing that given the opportunity,
human ratings are often substantially revised, further emphasizing the critical role of
context in the evaluation of MMT.

Keywords: MMT evaluation; automatic evaluation; context-aware evaluation

1. Introduction

Machine Translation (MT) has achieved remarkable progress in recent years, largely
driven by advances in neural text-generation architectures and large-scale pre-training [1].
End-to-end encoder—decoder models enabled learning broader representations instead of
relying on phrase-based statistical alignments, allowing Neural Machine Translation (NMT)
systems to capture long-range dependencies and contextual semantics more effectively.
Developments in data augmentation, pre-training, and transfer learning have further
facilitated multilingual NMT approaches [2], extending to enable a single model to handle
numerous language pairs. These methods allow high-resource languages to enhance
performance in low-resource settings and support more generalised translation capabilities.

Despite these advances, MT systems continue to struggle with linguistic ambigu-
ity [3] and producing contextually appropriate translations [4], particularly in cases where
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text alone is insufficient to resolve meaning [5]. Words with multiple senses, pronouns
referring to visually grounded entities, or culturally situated expressions often require extra-
linguistic information for accurate interpretation. To address this challenge, Multimodal
Machine Translation (MMT) has emerged as a research direction that integrates visual
features—typically from paired images—alongside textual input to provide additional
disambiguating context [6-8].

While architectural progress in MMT has been substantial, automatic evaluation
methodologies to track these advances have lagged behind [4]. Commonly used automatic
evaluation metrics (AEMs) such as BLEU [9], METEOR [10], and COMET [11] are largely
image-agnostic, assessing translation quality primarily through lexical overlap or semantic
similarity. As a result, they fail to capture the visual grounding capabilities that are central
to MMT [12]. In addition, benchmark test sets often consist of short and syntactically
simple sentences [13], which further limits the ability of existing metrics to reliably reflect
system quality in multimodal settings. Consequently, the lack of modality-aware evaluation
frameworks has led to ongoing uncertainty about whether reported improvements in MMT
systems can be attributed to the inclusion of visual information [14]. The absence of
standardised evaluation metrics and datasets further complicates cross-system comparison,
making it difficult to measure progress in the field when different studies adopt different
evaluation protocols [4].

In principle, image context should be incorporated directly into MMT evaluation, in a
similar manner as human assessors rely on visual cues to resolve ambiguities in translation
judgments [12]. Related work in image captioning evaluation demonstrates that metrics
integrating visual features align better with human judgments [15-17], highlighting the im-
portance of multimodal grounding for assessment. However, extending these approaches
to MMT is non-trivial for two main reasons. First, in image captioning the image and
caption are intrinsically aligned, whereas in MMT the image often serves only as an aux-
iliary cue for resolving ambiguity and may not correspond directly to all aspects of the
textual content. Second, translation ambiguity is inherent to the MT task itself, meaning
that evaluation methods must assess not only semantic similarity but also consistency and
adequacy across languages.

In parallel, pre-trained AEMs have demonstrated improved performance through the
use of document-level or multi-sentence context, enabling better modelling of discourse
coherence and coreference resolution [18-20]. These metrics operate either at the sentence
level by augmenting embedding representations with surrounding context or at the doc-
ument level by computing similarity scores across extended text spans [21,22]. Given
their ability to integrate extra-sentential information and discourse signals, exploring the
applicability of such metrics for MMT evaluation constitutes a promising direction.

In this paper, we investigate and compare multimodal and text-only MT systems
through the lens of state-of-the-art AEMs, with a particular focus on the reliability of
text-only metrics in multimodal settings. We propose a simple approach to incorporating
visual semantics into existing metrics by using target-language image descriptions (IDs) as
a proxy for visual context. Through a comparative evaluation of context-aware and context-
agnostic metrics on multilingual multimodal benchmark datasets, we aim to address the
following research question (RQ):

* RQ: Can image descriptions, when integrated with existing pre-trained AEMs, im-
prove contextual sensitivity and evaluation accuracy in MMT?

The remainder of this paper is organised as follows. Section 2 provides an overview
of MT, multimodal MT, and their evaluation. Section 3 reviews existing MMT evaluation
methods and discusses their limitations. Section 4 introduces our methodology for integrat-
ing IDs into metric-based evaluation. Section 5 describes the experimental setup, followed
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by the meta-evaluation in Section 6. Finally, Section 7 concludes this paper by discussing
how different AEMs capture different aspects of MMT system performance.

2. Background
2.1. Machine Translation

MT is the task of automatically translating text from one language into another. MT
models aim to capture and model the complex linguistic features of languages—such as
syntax, semantics, and pragmatics—that are fundamental to understanding language and
generating accurate translations. Since its inception, MT research has undergone significant
evolution, transitioning from rule-based approaches to statistical methods [23,24], advanc-
ing to state-of-the-art NMT systems [25-27], and now entering the emerging era of Large
Language Models (LLMs) [28]. Modern MT systems, powered by vast amounts of bilingual
data and advanced computational resources, can produce translations of considerable
quality [29].

NMT currently dominates the MT field due to its simplified translation model, faster
data processing, and more efficient memory utilization compared to earlier paradigms [30].
These models typically employ encoder-decoder neural network architectures: the encoder
processes the source sentence as input, while the decoder generates the target sentence
conditioned on the encoder’s output. NMT systems based on the Transformer architecture
have achieved state-of-the-art performance [27].

While statistical and neural models have traditionally relied on labelled data for train-
ing, recent advances in pre-training have enabled the modelling of sequential problems
through self-supervised and multi-task learning paradigms, as exemplified by LLMs [1].
These models, capable of understanding and generating human-like text, can perform a
wide range of Natural Language Processing (NLP) tasks. The emergence of LLMs intro-
duces new opportunities for understanding how knowledge is represented and transferred
across languages, domains, and modalities, and how these models may redefine the scope
and methodology of MT [31].

2.2. Multimodal MT

MMT extends traditional MT with the integration of information from multiple
modalities—such as text, images, video, or audio—to enhance the accuracy and contextual
understanding of translation output. MMT aims to augment the latent representations
derived from standard translation systems with information drawn from these additional
modalities [7]. The fundamental intuition driving MMT is that visual context can re-
solve translation ambiguities and supply missing textual information, thereby leading to
improved translation quality over text-only MT. This research area gained prominence
through a series of dedicated shared tasks held at the Conference on Machine Translation
(WMT) (https://statmt.org (accessed on 20 June 2026)) starting in 2016, primarily focusing
on image-guided translation [6,8,32].

The growing interest in MMT is largely driven by the increasing availability of diverse
multimodal datasets and the architectural flexibility of neural models, which can jointly
process multiple modalities such as vision, speech, and text [2,33]. These non-textual modal-
ities can provide helpful context, particularly in cases where MT systems struggle—such as
the translation of ambiguous words whose correct interpretation and rendering depend
heavily on contextual information [13,34]. For instance, the English word “bank” might
translate differently in French depending on whether the image shows a financial institu-
tion (“banque”) or a river edge (“rive”). Similarly, an image can clarify whether the English
word “glasses” should be translated as ‘drinking vessels’ or ‘spectacles’, as depicted in
the example given in Figure 1. MMT systems can leverage the visual input to make these
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disambiguation decisions [35], as the visual context can aid in modelling complex gram-
matical features, such as gender marking (e.g., inferring the sex of a person in the image
to correctly translate from a gender-neutral to a gendered language). Caglayan et al. [7]
and Futeral et al. [13] highlight the robustness of MMT models against input noise, such as
spelling mistakes or deliberately missing input words, suggesting that visual context can
mitigate deficiencies when linguistic context is scarce [7,13].
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Figure 1. An example showing the difference between the conventional text-only MT and MMT
models: (a) The incorrect translation of the polysemous word “glasses” into eyeglasses (“lunettes”)
by the text-only MT model. (b) The MMT model correctly translated the polysemous word into
drinking glasses (“verres”) with the help of a relevant image.

MMT systems are primarily image-guided models built on the frameworks of neu-
ral networks [7,36], integrating visual signals in various architectural stages [13,37,38].
These methods are generally classified into early-fusion and late-fusion strategies. Early
fusion aims for a closer, often pre-encoder, integration of textual and visual represen-
tations, typically utilizing global visual features (e.g., averaged pooled ResNet-50 fea-
tures) [8,12,32], such as through encoder—decoder initialization in Recurrent Neural Net-
works (RNNs) [39-42]. Other early techniques include treating the visual feature vector
as a pseudo-word, and prepending or appending it to the source embeddings, or using
element-wise multiplication [43]. Advanced early fusion approaches, like the multimodal
Transformer [44], integrate multimodal self-attention layers to fuse modality represen-
tations deeply within the encoder. Conversely, late fusion strategies rely on separate
encodings of modalities and a merge of representations later, usually closer to the decoder,
often leveraging hierarchical attention [45] and gating mechanism [14,40]. This involves
an auxiliary visual attention layer over the image data to produce a distinct visual context
vector [5], which is subsequently combined with the textual context using summation,
concatenation [46], or sometimes specialised mechanisms like hierarchical attention [45,47].
Furthermore, other fusion and training paradigms exist, such as Multi-task Learning (MTL),
which jointly trains the text encoder to predict the visual feature vector [35,48], or modern
approaches like ZeroMMT [38] and VGAMT [13], which adapt pre-trained text models via
lightweight adapters and a visually conditioned, masked language modelling (VMLM) ob-
jective combined with a Kullback-Leibler (KL) divergence penalty to maintain translation
fidelity [38].

In another growing area of research, large-scale vision-language models (LVLMs) [15,49,50]
have demonstrated strong zero-shot and few-shot performance across a range of down-
stream multimodal tasks (e.g., image caption, text-to-image, or image-to-text generation),
often achieving impressive results with minimal or no task-specific data [16,51]. Models like
CLIP [49], Flamingo [52], and BLIP [50] have recently been investigated for their potential
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visually informed translation capabilities [53]. Notably, ref. [16] aligns features from a mul-
tilingual text model with those extracted by CLIP using a lightweight mapping network,
while [54] combines visual pre-training with cross-lingual masked language modelling and
region classification to produce visually grounded representations that, when fine-tuned,
outperform unimodal MT baselines.

The above discussion highlights both the growth and potential of MMT systems;
however, a key obstacle remains, namely the lack of standardised evaluation methods for
reliably and accurately tracking research progress in this area. Current evaluation practices
continue to rely heavily on string-based metrics such as BLEU, METEOR, and CHRE, often
with little or no complementary analysis involving expert human assessment. As a result,
there is ongoing debate about whether visual context contributes meaningful information
beyond what is already available in the text [14].

2.3. MT Evaluation

Evaluation constitutes a fundamental component of MT research, serving as both
a diagnostic tool and a benchmark for measuring system progress. Broadly, evaluation
methods can be classified into human and automatic approaches.

2.3.1. Human Evaluation

Human evaluation (HE) remains the most reliable method for assessing translation
quality, as it directly reflects human perceptions of fluency, adequacy, and contextual
appropriateness. When conducted by professionals, HE has the advantage of capturing lin-
guistic nuances, pragmatic meaning, and discourse coherence—dimensions that automated
methods may fail to consider. Over the years, several HE metrics have been proposed,
with adequacy and fluency remaining the most common criteria, typically assessed using
various scales [55-57] and performed by either human experts or crowd-workers [58,59].
Metrics based on error typologies, such as MQM [60] and Error Span Annotation (ESA) [61],
are considered more reliable than simple scoring methods. MQM requires human evalua-
tors to explicitly identify and annotate errors in the translation output rather than assigning
a single score to a segment or sentence [62], while ESA offers a lighter error identification
metric, similar to Direct Assessment (DA) [58].

Post Editing (PE), in addition to its role in computer-aided translation and revision, is
another widely used approach for MT evaluation [63] as PE effort is often interpreted as an
indirect measure of MT quality. In semi-automatic settings, where MT output is corrected by
a human translator, the Human Translation Edit Rate (HTER) score—calculated as the ratio
of edits to the total number of words—serves as an estimate of quality, with lower scores
indicating better quality translations [64]. HE also plays a fundamental role in advancing
automatic evaluation research, as many evaluation metrics rely on human-annotated data
to train neural models and/or to align their scoring behaviour with human judgments.

However, despite its interpretative richness, human evaluation is inherently time-
consuming, costly, and susceptible to subjective variation [57,65]. Moreover, inter-annotator
inconsistencies [66], differences in linguistic proficiency, and variations in task design can
all affect the reliability and reproducibility of the evaluation. Although human evaluation
remains essential, there are scenarios in which relying solely on human judgments is
impractical, such as when rapid feedback is required during system development or when
a large number of models must be compared. In such cases, MT evaluation is typically
performed as a two-stage process, where automatic metrics are used for initial system
filtering and parameter optimization due to their efficiency, and scalability, while human
evaluation is reserved for the final assessment of system quality [67].
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2.3.2. Automatic Evaluation

Automatic evaluation (AE) provides a scalable and cost-effective alternative to HE,
allowing for rapid benchmarking during system development and optimization. Early
heuristic-based metrics, most notably BLEU [9], TER [64], METEOR [10], and ChrF [68],
offered a simple approach by quantifying n-gram overlaps between candidate and reference
translations. Such methods provided an efficient proxy for translation quality and were
instrumental in advancing statistical and early neural models. However, as MT systems
have evolved—particularly with the advent of NMT—the limitations of these metrics have
become increasingly evident [69]. Word- and n-gram-based measures tend to penalise legit-
imate paraphrasing, alternative phrasal reordering, or stylistic variation, and often perform
poorly on morphologically rich languages [69-71]. In response, the field has seen a transi-
tion towards embedding-based and pre-trained metrics [72,73], which utilise distributed
semantic representations from language models such as BERT [72]. These approaches
provide a more nuanced understanding of meaning beyond surface-level matching, yet
they remain susceptible to biases inherent in training data, domain sensitivity, and cross-
lingual inconsistencies [74,75]. To overcome limitations of LM-based pre-trained metrics,
a more recent trend has become fine-tuning models on translations with human evaluation
scores [11,69,76,77]. Most of these metrics are either n-gram or neural (supervised or un-
supervised) and perform reference-based quality estimation, making their performance
heavily dependent on the availability and quality of these references. In contrast, reference-
free metrics predict the quality of MT outputs using source-language segments without
relying on gold-standard human translations [78], making them particularly suitable for
low-resource settings. A few notable examples include BARTScore [79], PRISMsrc [80], and
COMET-QE [81].

Although automatic metrics offer efficiency and objectivity, they may not always fully
capture the multifaceted nature of translation quality, particularly in terms of contextual
suitability, stylistic fidelity, and pragmatic meaning [57,82]. Moreover, their scores require
careful interpretation, as their judgement depends on the design of the metric—whether it
is semantically aware, has access to contextual information, or performs only lexical com-
parison. Recent research has therefore begun exploring evaluation approaches grounded
in error annotation and error span detection mechanisms [83,84], as well as employing
LLMs for error identification and interpretation [85,86]. Nonetheless, automatic evaluation
metrics serve as general indicators of system performance, operating according to fixed,
pre-defined criteria, which means different metrics may yield different scores for the same
translation, and their reliability can vary across evaluation settings [87].

2.3.3. Context-Aware Evaluation

The study of context in MT evaluation focuses on incorporating document-level,
paragraph-level, or inter-sentential information, rather than evaluating translations at
the single-sentence level [88-90]. It is now widely accepted that both human and
automatic evaluations should take context into account [21,28,91-93]. In particular,
Castilho et al. [21] showed that nearly half of the translations they analysed required
additional context for accurate assessment. Reflecting this shift, since 2022 the Con-
ference on Machine Translation (WMT) has adopted document-level human evalua-
tion for ranking systems in shared tasks [28,94]. Using platforms such as Appraise
(https://github.com/cfedermann/Appraise (accessed on 20 June 2026)), human eval-
uators can assess either multi-sentence segments or individual sentences while having
access to the full document context. However, despite these advances in human evaluation,
adapting contextual principles to automatic evaluation remains challenging, and most
existing automatic metrics still operate primarily at the word or sentence level.
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Several attempts have been made to extend traditional AEMs to context-aware
or discourse-level evaluation [89]. For example, Jiang et al. [18] introduced BlonDe,
a document-level metric that incorporates features such as named entities, tense, pro-
nouns, and discourse markers to assess translation quality beyond the sentence level.
Building on this idea, Vernikos et al. [19] introduced a straightforward method to extend
sentence-level metrics to the document level by taking additional sentences from the test
set as context. They demonstrated improved correlation scores with human judgments by
adapting three widely used metrics—COMET, BERTScore, and Prism—and COMET-QE
(a reference-free metric). Their approach involved concatenating each sentence with its
two preceding sentences, which were then used for embedding the reference, hypothesis,
and source. Although the metric extends evaluation to the document level, it still scores
sentences individually, with additional context only used during the embedding process.
In the reference-free setting, Raunak et al. [20] introduced SLIDE (SLIding Document
Evaluator) that operates on sentence blocks using a sliding window over the test set and
accumulating scores for the entire chunk. The authors reported higher pairwise system
ranking accuracy compared to sentence-level baselines (COMET-Kiwi [81]) and compara-
ble performance with reference-based metrics, even slightly surpassing Doc-COMET [19].
For paragraph-level evaluation, Deutsch et al. [88] explored using a sentence-level dataset
with concatenated multiple sentences to train a neural metric on longer texts, reporting
only marginal or no improvements over baselines.

LLMs typically operate with very large context windows and, together with their
in-context learning and reasoning abilities, have attracted growing interest for automatic
evaluation tasks [89,95]. LLM-based metrics generally rely on prompt-based methods
that instruct models to assign quality scores or to identify and categorise translation
errors [85,96]. By providing multiple examples within prompts, these models can learn
and contextualise their scoring strategies through in-context learning [97]. Overall, their
ability to handle extended context and multilingual input highlights the potential of LLMs
to reshape MT evaluation. However, several challenges remain before LLM-based metrics
can be reliably adopted for primary evaluation. These include reproducibility concerns
associated with proprietary models [89], inconsistent adherence to task instructions [84],
potential knowledge dilution in long prompts [98], and relatively weak correlations with
human judgments at the segment level [84,87].

3. Current Approaches to Automatic MMT Evaluation and Challenges

As mentioned in Section 2.3, due to high temporal and monetary costs, automatic
evaluation is often the only practical way to provide feedback during model development
and to track progress in the field. However, the automatic evaluation of MMT systems
is inherently more challenging than that of conventional MT systems. Since most MMT
models are extensions of NMT architectures, they inherit common translation issues such
as grammatical errors, inappropriate lexical choices, and semantic inadequacies [99,100],
while simultaneously introducing additional complexities arising from the integration of
visual information [14].

In practice, evaluation continues to rely heavily on text-based AEMs and relatively
short and simple test sets derived from Multi30K. These metrics and datasets provide
only a narrow view of model capabilities, particularly with respect to the multimodal
dimension [101,102]. Despite well-documented limitations of surface-level metrics such
as BLEU, many MMT studies still report performance based solely on these scores, often
without human validation or statistical significance testing [103,104]. Even advanced
neural AEMs, originally designed for traditional MT systems, are commonly applied
without adaptation to non-textual modalities. Consequently, such metrics may struggle to
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distinguish between systems that genuinely leverage visual information for disambiguation
and those that produce fluent translations independent of image input [105].

For example, Elliott [37], using METEOR text-similarity evaluation, showed that some
MMT models are insensitive to visual input and produce nearly identical translations even
when provided with unrelated images, suggesting that visual features are often ignored.
Similarly, Raunak et al. [106] argued that the visual modality does not lead to significant
gains in translation quality; however, their comparison relied on BLEU scores. Building on
such findings, Wu et al. [14] questioned the validity of reported improvements in MMT and
suggested that observed gains may instead result from a regularization effect. In response,
Li et al. [102] highlighted limitations of evaluation benchmarks derived from Multi30K,
noting that the dataset was not originally designed with multimodal evaluation in mind
and advocating the creation of more suitable MMT datasets. In a similar vein, Futeral
et al. [13] proposed a multilingual and multimodal contrastive evaluation set containing
ambiguous sentence pairs paired with disambiguating images, requiring models to exploit
visual information to generate correct translations. Datasets such as MultiSense [107] and
MultiSubs [108] further expand evaluation to cross-lingual and cross-modal ambiguity.

While these efforts represent steady progress in test sets, the automatic metrics used
for evaluation still require refinement to align with the domain-specific needs of MMT.
As current evaluation lacks standardised vision-aware metrics capable of accurately jus-
tifying the visual context and quantifying the quality of translation. This also highlights
the need for a deeper understanding of the limitations and potential of existing automatic,
particularly context-aware, approaches in the context of MMT evaluation.

Based on the discussion above, we argue that the evaluation of MMT systems is a
twofold problem: (1) assessing the model’s visual awareness, i.e., its sensitivity to visual
context and (2) evaluating the quality and correctness of the generated translation. There-
fore, evaluation metrics should capture not only linguistic fidelity but also the extent to
which visual information contributes meaningfully to translation quality. This raises the
question of whether existing evaluation metrics, originally developed for text-only MT
systems, are suitable for MMT tasks and capable of distinguishing between text-only and
multimodal MT systems. In the following sections, we examine the potential of existing pre-
trained evaluation metrics (Section 4) for MMT tasks and conduct experiments (Section 5)
to investigate their sensitivity to multimodal information in the MMT setting.

4. Context-Aware Evaluation of MMT Systems Using
Document-Level Metrics

As discussed in Section 2.3.3, document-level metrics with extended context have
shown better performance in text-only tasks over baselines in both reference-based and
reference-free settings. This motivates us to explore their potential for context-aware
evaluation of systems that incorporate multimodal information. However, most multimodal
datasets consist of independent sentence-level instances, where each sentence represents a
distinct conceptual unit [102]. As a result, the direct use of document-level metrics is not
feasible, since these metrics rely on neighbouring sentences for context.

A practical alternative is to use IDs as contextual input for document-level metrics
when surrounding sentences are not available. This integration can be seamlessly applied
without modifying the architectures of existing metrics. Since IDs represent visual con-
tent in linguistic form, their inclusion can provide useful disambiguation signals during
evaluation, particularly for context-dependent translations, following the same approach
used to improve contextual awareness in MT models [39,109]. This evaluation setup inves-
tigates whether integrating IDs into AEMs improves their performance in MMT evaluation,
as posed in the research question.
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We hypothesise that adding visual context through IDs will yield higher correlations
with human judgements than traditional text-only automatic metrics in MMT tasks. To ad-
dress this question and validate the hypothesis, we conduct a series of experiments using
both traditional and context-aware AEMs. We compare their performance across multiple
multilingual multimodal datasets with respect to correlations with human judgments.
In the sections below, we explain the proposed integration of IDs in metrics and introduce
the selected document-level metrics.

4.1. Image Description as Context

Visual-language pre-training has emerged as a powerful paradigm for jointly learning
representations from visual and textual data [50,110,111]. Models in this category inte-
grate visual and linguistic information by pairing strong visual encoders with large, often
frozen, language models to produce unified multimodal representations (e.g., CLIP [112]
BLIP-2 [50], Flamingo [52], and Gemma-3 [113]). These architectures have achieved state-
of-the-art performance across a range of multimodal tasks, including image description,
object detection (OD), and object recognition (OR) [114]. Recent work has explored the
use of such task-agnostic visual-language models (VLMs) for image caption evaluation,
aiming to assess both the linguistic and visual dimensions of candidate captions [15-17].

In order to examine the potential of such models in MMT evaluation, we first obtained
the multilingual IDs for each evaluation set (Table 1) using a VLM via prompting (see
Appendix Table Al for prompts used for each language). The available test sets contain
source-side ambiguous text in English, therefore to evaluate English—to—{German, Czech,
French} translation direction, we generated the corresponding IDs in the target language.
Directly generating visual context (which refers to the detailed contents of an image includ-
ing objects, attributes, and their relationships) in the target language helps eliminate the
possible linguistic or translation ambiguity [17]. In the next stage, these IDs are incorporated
as contextual information within document-level metrics to assess whether they enable
AEMSs to more accurately assess the translation quality and align with human judgments.

Table 1. Multimodal MT evaluation test set statistics.

No. of Segments

Dataset

en—cs en—de en—fr en Total

CoMMuTE 308 300 308 - 916
MLT - 381 441 - 822
test2017 - 461 461 - 922
test2016 1000 1000 1000 - 3000
ThHumB - - - 500 500
Total 1308 2142 2210 500 6160

For ID generation, we employ Gemma-3-12B-IT, a multimodal LLM from the Gemma
family (https://deepmind.google/models/gemma/ (accessed on 28 June 2026)). This
choice was guided by several factors including the following: the model must be open-
source, multilingual, officially support image captioning and description generation,
and achieve an accuracy above 50 on standard benchmark datasets. We also considered
other models such as CLIP, BLIP, and Flamingo. However, following manual qualitative
inspection of the generated descriptions, Gemma-3-12B-IT was selected for its better perfor-
mance (qualitative evaluation was conducted on English descriptions, with the assumption
that comparable performance holds across officially supported languages). Table 2 presents
illustrative examples from the CoMMuTE dataset, showing source sentences, target transla-
tions, and the corresponding automatically generated IDs.
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Table 2. Example from the COMMUTE dataset, where image captions are available in English (En),
with human translations in German (De), French (Fr), and Czech (Cs). The IDs are generated using
an open-source VLM model.

En: The beam seems to be moving.

De: Der Strahl scheint sich zu bewegen.
Cs: Zda se, Ze se paprsek hybe.

Fr: Le rayon a l’air de bouger.

ID: Sunlight streams through the misty trees, illuminating a gravel
path leading into a dense forest.

En: The beam seems to be moving.

De: Der Balken scheint sich zu bewegen.
Cs: Zda se, Ze se trdm hybe.

Fr: La poutre a Iair de bouger.

ID: The image shows a close-up, low-angle view of an old, weath-
ered wooden ceiling with exposed beams and rafters, some of
which are inscribed with dates and names.

En: First we should fill up the boot.

De: Zuerst miissen Sie den Stiefel fiillen.
Cs: Je tfeba nejdfiv naplnit holinku.

Fr: Il faut d’abord remplir la botte.

ID: A pair of blue rain boots are repurposed as planters, with
one containing a small green plant and soil.

En: First we should fill up the boot.

De: Zuerst miissen Sie den Kofferraum fiillen.
Cs: Je tteba nejdfiv naplnit kufr.

Fr: I faut d’abord remplir le coffre.

ID: The image shows the rear view of a teal-colored BMW
M2 with a spoiler, dual exhaust pipes, and a license plate
reading “EL-214-]B”.

4.2. Context Integration in Document-Level Metrics

Document-level metrics typically use surrounding source and reference sentences
from the same document when evaluating a given sentence. The context is extracted using
configurable parameters that determine the number of preceding sentences to include [19].
In our experiments, we extend two existing document-level metrics—Doc-BERT and Doc-
COMET—modifying their context integration module to use IDs instead of surrounding
sentences, adapting them to the MMT task. Both of these metrics have their sentence-
level baselines and open-source up-to-date implementations and are widely applied for
comparing and developing MT systems [28,67,84].

Doc-BERT is an extension of BERTScore [115] to the document-level evaluation.
Originally [19], the context is drawn from the reference text and added to both the
hypothesis and reference sentences; then, it is excluded when calculating the simi-
larity score for the current segment. In our implementation, we replace this textual
context with IDs, extracted from relevant images using a VLM. These textual descrip-
tions are concatenated with the hypothesis and reference before the embeddings are
computed, thereby enriching their contextual representations. For the baseline pre-
trained language model, we used multilingual transformer models such as roberta-large
and microsoft/deberta-xlarge-mnli, selected based on their strong correlation with
human judgments (https:/ /github.com/Tiiiger /bert_score/tree/master (accessed on 16
May 2026)).
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Doc-COMET [19] extends the COMET [11] framework by integrating source and
reference context directly into the encoder. In the original version, COMET incorporates
preceding sentences from the source text along with the current source sentence, while for
the hypothesis, the context is taken from the reference to prevent potential error propagation
that could occur if the hypothesis contexts were used. Similar to sentence-level COMET,
document-level extension is initialised from a pre-trained language model (RoBERTa) and
fine-tuned on human judgment data. In our adaptation, we replace the textual reference
context with IDs, thereby allowing visual semantic information to contribute to contextual
encoding. Since IDs are available only in the target language, the source context is kept
same as in the original Doc-COMET setup.

5. Experiments

In this section, we describe the experimental setup, including the datasets, multi-
modal and text-only MT systems, and evaluation procedure. To ensure transparency and
reproducibility, all metrics are evaluated using their default configurations, and results
are reported from a single run unless otherwise stated. Also, we report results obtained
using publicly available datasets, open-source metrics, and pre-trained language models,
including LLMs. For trained and pre-trained models such as BERTScore and COMET, we
employ the best-performing (as per their official results) publicly available models with
default hyper-parameter settings. For meta-evaluation, we consider system performances,
translation accuracy on contrastive test-sets, and correlation with human scores where
human annotations are available.

5.1. Dataset

We use a combination of evaluation sets from the image caption and MT domains,
including Multi30K, MSCOCO-test2017, MLT, COMMuTE, and THumB. These datasets
cover a range of evaluation aspects including ambiguous lexical terms, verbs, and con-
trastive multilingual translations, providing the means to assess both lexical accuracy and
multimodal sensitivity. These datasets are described below:

THumB 1.0 [116] comprises 500 images sourced from MSCOCO [117], each paired
with one human-written caption and four automatically generated captions. The evaluation
of candidate captions involves manual assessment along three dimensions: precision
(the extent to which the caption accurately describes the image), recall (the degree to
which it captures salient information within the image), and total (an overall quality
score considering fluency, inclusivity, and conciseness). To support automatic evaluation,
the dataset contains 4 reference captions for each image. The presence of both human-
authored captions and human ratings makes this dataset a valuable resource for meta-
evaluation. However, its main limitation lies in its monolingual nature, as the image
captions are evaluated in the English language only. We utilise THumB to estimate overall
system performance and compute metrics’ correlation with human judgements.

MLT [34] is constructed by identifying 1108 English words that are ambiguous
(i.e., they have multiple possible translations in the target language). Each word appears
across multiple sentences, resulting in a total of 98,647 MLT data points. The dataset, avail-
able for both English-German and English-French language pairs, is distributed under the
Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International License. Its
multimodal design, with identified ambiguous lexical items, can be helpful in studying
visual disambiguation capabilities of models. In this study, we use MLT to investigate
whether systems with stronger visual-awareness receive correspondingly higher ratings
from AEMs compared to image-agnostic systems.

https://doi.org/10.3390/info17070689


https://doi.org/10.3390/info17070689

Information 2026, 17, 689

12 of 31

test2017 (MSCOCO) [8] is a standard evaluation set for the MMT task, comprising
IDs that often contain ambiguous verbs. The dataset is derived from images sampled
from the VerSe dataset [118], which in turn was adapted from the MSCOCO dataset [117].
Ambiguous verbs with multiple senses were first identified in VerSe using the IDs in
English, and their corresponding translations were then collected in the German and French
language. Owing to its design and relevance to lexical ambiguity, MSCOCO-test2017 has
become a widely adopted benchmark for evaluating MMT systems [8].

test2016 (Multi30K) is another widely used benchmark for evaluating MMT systems.
It is a test split of the Multi30K dataset [36], which itself is an extension of the Flickr30K
dataset [119]. The original Multi30K corpus comprises 31,014 images paired with English
descriptions translated into multiple languages. While the IDs were collected via Ama-
zon Mechanical Turk, the translations were produced by professional native translators,
ensuring high linguistic quality and cross-lingual consistency. This test-set comprises
1000 English segments and their translations in Czech, German, and French.

CoMMUuTE (Contrastive Multilingual Multimodal Translation Evaluation) [13] con-
tains 155 lexically ambiguous English sentences, each paired with two plausible translations
in the target language. Typically, each translation is correct given the accompanying im-
age, which serves to disambiguate the intended sense of the ambiguous source word.
The ambiguous items are either drawn from the discourse sets of Bawden et al. [120] or
newly introduced by the authors. Images were sourced online and chosen specifically
to resolve the ambiguity in one of the two senses. The dataset includes English-French,
English—-German, and English—Czech language pairs, providing exactly two translations
and one disambiguating image per instance. By offering contrastive multilingual transla-
tions, COMMUTE supports and enables the examination of metric robustness in scenarios
with noisy or suboptimal references.

5.2. Translation Systems

The evaluation datasets (Section 5.1) are provided as triplets comprising the source
text, reference translation, and associated image. However, they do not include hypothesis
translations—an essential component for automatic evaluation. To address this, we generate
hypotheses using a diverse set of translation systems, including NMT-, MMT-, and LLM-
based models, spanning both text-only and multimodal configurations. The translation
systems used in this study are described in detail below.

ZeroMMT [38] is a zero-shot MMT approach that bypasses the need for large-scale
multimodal parallel data by adapting a strong text-only MT model with lightweight visual
adapters during training. Given the scarcity of multimodal data, MMT systems typically
underperform compared to standard NMT models. To address this, the authors extend
strong baseline NMT models with multimodal capabilities, removing the need of costly
supervised data. The approach leverages visually conditioned masked language modelling
(VMLM) to integrate visual context into translation and employs Kullback-Leibler (KL)
divergence to align outputs between multimodal and text-only MT systems. Validation
was performed on multiple languages, including German, Russian, French, Czech, Arabic,
and Chinese, using BLEU and COMET. In our experiments, ZeroMMT represents purpose-
built strong MMT to facilitate comparison with traditional MT systems.

Opus-MT [121] is a collection of open-source bilingual and multilingual MT models,
primarily trained on the OPUS parallel corpus. The project aims to provide freely accessible
translation services and tools, independent of commercial interests or restrictions. OPUS-
MT hosts over 1000 pre-trained models (https://huggingface.co/Helsinki-NLP (accessed
8 July 2026)) covering a wide range of language pairs. The models are based on the
standard Transformer architecture and are implemented using the Marian-NMT framework
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(https://marian-nmt.github.io/ (accessed 24 May 2026)). For our experiments, we use
the bilingual models available on Hugging-Face and take Opus-MT as a representative of
open-source bilingual text-only MT systems.

Aya-23-8B [122] is a multilingual LLM based on an optimised Transformer architecture
and fine-tuned to follow human instructions. Aya-23-8B is a text-to-text model, accepting
only text inputs and producing text outputs. The model supports 23 languages and contains
8 billion open-source parameters. Although Aya-23 was primarily trained on general text
data and not specifically fine-tuned or evaluated for MT tasks, it demonstrated strong
performance on the WMT24 translation benchmarks [28]. Many recent LLMs exhibit
inherent multilingual and translation capabilities, yet there is no systematic and reliable
evaluation of their MT performance. For this reason, we include a text-only LLM (Aya-
23-8B) in our experiments on MMT evaluation. Model selection was guided by reported
language coverage in the original documentation, ensuring that both source and target
languages of our test sets are supported. We further prioritised open-source models to
ensure reproducibility of results. The prompt used for translation is given below:

“Translate the following sentence into {German | French | Czech}, output only the translation,
nothing else.”

Gemma-3-12B-IT [113] is an instruction-tuned multimodal LLM. Instruction tun-
ing enables the model to follow task-specific prompts and natural language instructions,
making it well suited for our task where multimodal context can be added via prompt-
ing. Gemma-3-12B-IT supports long context windows of up to 128K tokens and offers
multilingual capabilities. Its visual grounding can help address lexical ambiguities and
context-dependent meanings that are challenging for text-only MT systems. We employed
Gemma-3-12B-IT for multimodal translation via prompting, instructing the model to trans-
late the source text while considering the associated image, with the following prompt:

“Translate the following sentence into {German | French | Czech}, using the image as context.
Output only the translation, nothing else.”

5.3. Baseline Metrics

We use several baseline metrics to compare our proposed methods against well-
studied approaches commonly used to report progress in MMT research, we describe
those baselines below.

BLEU [9] is a widely used metric for MT evaluation that measures the precision of
n-grams between candidate and reference translations. Its popularity stems from compu-
tational efficiency and its ability to capture local word-level correspondence. However,
BLEU is criticised for notable reasons: it disregards grammatical correctness, tends to
favour shorter translations, and struggles to account for valid paraphrases or synonymous
expressions that preserve meaning [71,103]. Despite these limitations, BLEU continues to
be frequently used to report and interpret progress in recent MT research [38,84], mainly
due to its language independence, computational simplicity, and long-standing acceptance
within the research community.

TER (Translation Edit Rate) and its variant Human TER [64] quantify the number
of edits required to transform a machine-translated output into a reference translation.
By focusing on the post-editing effort, TER provides a direct and interpretable measure
of the changes necessary to produce an acceptable translation. This emphasis on edit
operations makes TER particularly useful for assessing practical translation quality and
post-editing effort.

CHREF [68] is a character n-gram F-score metric that evaluates translations based on
character-level matches rather than word-level correspondence. This design makes CHREF par-
ticularly effective for morphologically rich languages, as it is largely language-independent
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and does not require tokenization. As a result, CHRF has been shown to correlate well with
human judgments—often outperforming more complex word-level metrics—and remains
a reliable choice, especially for low-resource languages [67].

BERTScore [115] is an unsupervised metric for evaluating text generation that lever-
ages contextual embeddings for soft comparison between reference and candidate trans-
lations. Tokens from both the reference and hypothesis are represented using embed-
dings from models such as BERT or RoBERTa, and precision, recall, and F1 scores are
computed based on the best-matching token embeddings. BERTScore has been shown
to outperform traditional untrained metrics, demonstrating stronger alignment with
human judgments [73]. In our experiments, we only report F1 scores with TF-IDF
weighting in our experiments and adapted the models from official implementation
(https:/ /github.com /Tiiiger/bert_score/tree/master (accessed 18 March 2026)).

COMET [11] is a supervised neural evaluation metric that differs fundamentally from
string-based metrics (such as BLEU, TER, and CHRF) and embedding-based approaches
such as BERTScore. The COMET framework includes both reference-based and reference-free
variants, trained on human judgment data such as Direct Assessments (DAs) [58], HTER [64],
and Multidimensional Quality Metrics (MQMSs) [60] and supports a wide range of languages.
In our experiments, we use the default wmt22-comet-da model available on HuggingFace
(https:/ /huggingface.co/Unbabel / wmt22-comet-da (accessed 18 March 2026)), which is
initialised with XLM-RoBERTa as its backbone. This model computes scores using the
source text, hypothesis translation, and reference translation, enabling it to capture semantic
similarity and meaning preservation more effectively than surface-form metrics [123].

6. Meta-Evaluation

There are multiple approaches to metric meta-evaluation, which aims to quantify how
well automatic metrics agree with human judgments of translation quality. Agreement can
be measured using ranking-based approaches, such as Spearman’s p or Kendall’s 7, or using
linear correlations, such as Pearson’s coefficient, each capturing different aspects of metric
performance [124]. Additionally, metric evaluation can be defined at various levels, including
segment-level or system-level, and can focus on specific language pairs or domains.

One of the primary use cases of automatic evaluation metrics is ranking MT systems
during development or when comparing systems from different competitors. Such rankings
can be useful for shortlisting or clustering systems based on performance. For example,
in WMT shared tasks, the large number of participating systems are shortlisted using AEMs
for subsequent manual filtering [67]. Ideally, AEMs should rank MT systems in a manner
consistent with human judgments, and their effectiveness is evaluated based on how closely
their rankings align with those of humans [67,125]. However, in our study, the number
of systems is limited (four in total), which does not provide sufficient statistical power
for pairwise system-level accuracy or significance testing between system rankings [126].
Therefore, we rely on traditional correlation-based measures and accuracy on contrastive
evaluation for meta-evaluation.

In the following sections, we first present the overall translation performance of the MT
and MMT systems (Section 6.1). This is followed by an analysis of the metrics’ correlation
with human judgment (Section 6.2) and an assessment of the contextual awareness of
the document-level metrics (Section 6.3). Finally, we report the results from a small-scale
human evaluation (Section 6.4) to provide qualitative insights.

6.1. System-Level Results

This section provides an overview of the performance of the selected MT systems
across different metrics on the evaluation set. System scores are computed as the average of
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their segment-level performance. These averages can be further aggregated across systems
or languages to obtain an overall score per metric or per system.

It is important to note that these results are not intended for direct comparison between
metrics or MT systems. Rather, they illustrate the score allocation strategies of different
metrics and provide context for the meta-evaluation presented in subsequent sections.
Additionally, these results highlight how the magnitude of scores can be different for the
same systems when evaluated by distinct metrics, as different AEMs employ different
scoring strategies, reflecting their design and evaluation objectives. Some metrics adopt a
more rigid approach (exact matches), while others allow for softer comparisons (embedding-
based) between reference and candidate texts.

Table 3 presents the system-level scores, computed by aggregating scores across met-
rics and languages per system. Bold values in each row indicate the system with the highest
average score for a given metric. Overall, the scores suggest that systems trained on multi-
modal data (ZeroMMT and Gemma-3) outperform text-only systems. Among the text-only
systems, Aya-23 and Opus-MT achieve comparable scores but consistently underperform
relative to the multimodal systems.

Table 3. System-level scores computed by averaging segment-level scores assigned by AEMs across
evaluation corpora. For each metric, the highest score is shown in bold, together with the difference
from the lowest score in that row. An upward arrow (1) indicates that higher values correspond to
better performance, whereas a downward arrow (|) indicates that lower values are better.

Metric Aya-23 Gemma-3 Opus-MT ZeroMT
BLEU 34.50 36.68 36.19 38.39 (+3.89 1)
CHRF 59.59 61.69 60.35 61.85 (+2.26 1)
TER 48.48 46.75 46.46 44.93 (—3.55 |)
BERTScore 0.693 0.707 0.702 0.716 (+0.02 1)
Doc-BERT 0.734 0.750 0.740 0.755 (+0.02 1)
COMET 0.815 0.836 (+0.04 1) 0.800 0.831
Doc-COMET 0.732 0.763 (+0.05 1) 0.718 0.753

According to the document-level extension of COMET (i.e., Doc-COMET), the largest
score difference is 0.05 between Gemma-3 and Opus-MT. Standard COMET reports a
similar difference of 0.04 points between the same systems (see the last two rows of Table 3).
The next highest score difference, 3.89, is observed in BLEU for ZeroMMT over Aya-23.
Notably, Aya-23, trained on 8 billion parameters, is still outperformed by ZeroMMT, which
adapts a 1.3 billion parameter NLLB model [127] through visually conditioned language
masking. Appendix C provides a more detailed comparison of metric scores according to
language, system, and corpora.

Overall system-level scores support the Multimodal MT systems, for example, both
embedding-based metrics and string-based metrics consistently rank ZeroMMT higher,
while supervised metrics favour Gemma-3, the multimodal LLM, over standard MMT
(i.e., ZeroMMT). This difference in metric agreement likely arises from two factors: first,
embedding-based and string-based metrics tend to favour lexically simpler translations,
as seen in ZeroMMT, and may penalise the more varied vocabulary produced by Gemma-3.
Second, trained neural metrics such as COMET and Doc-COMET, which are fine-tuned on
human annotations, better capture linguistic variation and align with human preference,
as discussed in Section 6.4.

6.2. Correlation Scores on Image Caption Test-Set

One of the ways to measure the performance of automatic evaluation metrics is
to find how well they correlate with human judgments [69,128]. For this, we use the
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THumB dataset, which collects human ratings for automatic image captioning (IC) along
three dimensions: precision, recall, and overall quality. We focus on the overall quality score.
Each image in THumB includes four candidate captions from different automatic captioning
systems and five human-written references. For the overall performance overview of AEMs,
one human reference is treated as a candidate caption and was excluded from the references
during evaluation. Moreover, there are multiple correlation measures, such as Pearson,
Spearman, and Kendall, each with its own score range, strengths, and limitations [129].
To ensure a fair comparison, we compute all three correlation coefficients to examine the
performance and suitability of existing AEMs in the context of MMT evaluation.

Figure 2 presents the correlation scores on the THumB dataset. Overall, COMET shows
the strongest alignment with human judgments at both the sentence and document levels,
with Pearson’s correlations around 0.31-0.33, Spearman around 0.26, and Kendall around
0.19. Although the differences between Doc-COMET and COMET are not statistically signif-
icant, they are consistent across all correlation types. COMET considers both the source text
and the reference when scoring MT outputs, while Doc-COMET additionally incorporates
IDs as context, which likely helps produce automatic scores closer to human ratings.

Doc-COMET 0.197
o¢ 0.30
COMET 0.192
0.25
, DOC-BERT - 0.161 0.147 0.109 5
% -0.20 “t-’
BERTScore 0.216 0.184 0.136 8
CHRF 0.227 0.210 0.156 -0.15
BLEU - 0.132 0.112 0.084 - 0.10
1 1 1
Pearson Spearman Kendall

Figure 2. Heat-map of Pearson, Spearman, and Kendall correlations between human evaluation scores
and automatic metrics (COMET, Doc-COMET, BERTScore, Doc-BERT, and BLEU). Overall COMET
exhibits the highest correlations across all measures, while BLEU shows the weakest alignment with
human judgments.

Notably, the character n-gram-based metric CHRF achieves the second-highest corre-
lation scores, outperforming embedding-based metrics (BERTScore and Doc-BERT) and
showing the continued value of lexical overlap-based evaluation. The performance of CHRF
aligns with recent findings from the WMT2025 Metric Shared Task, where CHRF achieved
results comparable to the strongest neural submissions [84]. Surprisingly, Doc-BERT, de-
spite incorporating additional IDs, performs worse than its sentence-level counterpart.
Since BERTScore measures soft semantic similarity between embeddings, the increased
token length introduced by additional context may dilute the similarity signal, making
it harder to penalise semantically divergent yet fluent translations [74]. BLEU exhibits
substantially lower correlations (Pearson’s ~ 0.13, Spearman ~ 0.11, and Kendall ~ 0.08),
reflecting its limited alignment with human judgments.

Graham and Baldwin [130] argue that higher correlations with human judgments
may arise by chance and therefore recommend statistical significance testing to determine
whether differences between the correlations of two metrics are meaningful. We therefore
apply the Williams test for statistical significance. Figure A2a shows Pearson’s correlation
between all metric pairs, where almost all correlations are high, with several exceeding
r = 0.9. The Williams significance test results are shown in Figure A2b. Contrary to what
correlation rankings might suggest, Doc-COMET—despite achieving the highest Pearson’s
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correlation with human judgements (Table 2)—is not significantly better than any other
metric. Conversely, CHRF, which correlates less strongly with human judgements than
COMET and Doc-COMET, is shown to be significantly better than both. Although these
findings highlight the limitations of relying solely on correlation as an indicator of metric
quality, it is worth noting that correlation differences among metrics are moderate, which
makes the significance test results unsurprising.

Taken together, these results suggest that learned neural metrics provide a closer
approximation to human evaluation on multimodal translation tasks, consistent with their
performance in NMT [69]. Incorporating IDs slightly improves performance, highlighting
the value of contextual information. However, additional context may not benefit all metrics;
for example, BERTScore performance decreases after integrating context. Furthermore,
the systematic decline in correlation values across metrics underscores the stricter nature
of rank-based measures (e.g., Spearman; Kendall) and emphasises the importance of
reporting multiple correlation types to obtain a more comprehensive assessment of metric
reliability [131].

6.3. Contrastive Evaluation

Contrastive or challenge sets are commonly used for targeted evaluation of NLP
systems, enabling focused assessment of specific linguistic phenomena or revealing system
strengths and weaknesses that are not apparent in standard test sets [84]. Unlike conven-
tional evaluation corpora, which typically contain generic, real-world text, challenge sets
include rare, adversarial, or ambiguity-focused examples. For instance, the COMMUTE test-
set [13] provides contrastive translation pairs accompanied by visual context: an ambiguous
English source sentence, its correct human translation, and an incorrect (bad_reference)
translation that intentionally mistranslates the ambiguous word.

To assess the robustness of metrics under adversarial conditions, we conducted a
contrastive evaluation on the CoMMUTE dataset. We performed two evaluation runs:
one using the correct reference and another using the bad_reference, which introduces
a controlled semantic error (see Figure 1). A robust evaluation metric should assign a
lower score to a system output when compared against the incorrect reference than when
compared against the correct one. This setup enables us to assess not only the sensitivity of
automatic metrics to subtle meaning shifts but also whether the MT systems themselves
successfully resolve lexical ambiguities, as reflected by differences in metric scores across
the two contrastive runs.

Figure 3 presents a heatmap of the average score differences for MT systems. The visu-
alisation clearly separates text-only from multimodal systems. For the text-only systems
(Opus-MT, a bilingual MT model, and Aya-23, an LLM-based MT system), most automatic
metrics show almost no score differences between the good and bad_reference variations.
In contrast, systems that incorporate visual information (ZeroMMT and Gemma-3) exhibit
more pronounced differences, underscoring the usefulness of visual context for producing
translations different from traditional systems. Results on the contrastive set further rein-
force the overall system-level findings (Table 3), with multimodal MT systems achieving
higher average scores than their text-only counterparts.

At the metric level, Doc-COMET demonstrates the highest sensitivity to quality
variations, yielding slightly larger score differences than all other metrics—specifically,
2.9% more than the baseline COMET. N-gram-based metrics perform comparably to neural
metrics in detecting lexical differences for multimodal systems. BLEU and CHRE, being
precision-oriented metrics, tend to perform well on contrastive sets containing simple and
repetitive sentences, where differences often hinge on subtle lexical changes [132]. Table 4
shows the computed correlations between the good and bad_reference scenario, where a
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higher correlation coefficient indicates a metric’s inability to detect noise and vice versa.
Metrics such as COMET (r = —0.14) and Doc-COMET (r = —0.42) show strong sensitivity
to corrupted references, producing low or negative correlations that suggest they sharply
penalise mistranslations when reference quality declines. Similarly, chrF (r = 0.45) and
BERT-based metrics (r ~ 0.41-0.47) demonstrate moderate sensitivity, while BLEU (r = 0.62)
and TER (r = 0.84) preserve relatively higher correlations, indicating weaker responsiveness
to reference errors. In this framing, low correlations are not evidence of metric unreliability
but rather a sign of robustness, as they demonstrate the metric’s capacity to detect and
react to poor reference quality rather than smoothing over it.
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Figure 3. Heatmap of average score differences across different MT systems and automatic metrics
(COMET, COMET doc-level, BERTScore, BERT doc-level, and BLEU). Doc-COMET shows the largest
differences, slightly higher than those of n-gram metrics. Interestingly, text-based MT systems exhibit
almost zero sensitivity to bad references.

Table 4. Original and degraded (bad_reference) Pearson correlation coefficients (r) and averaged
metric scores obtained across systems on the COMMUTE test set.

Score (Original) Score (Bad_Reference)
Metric r
cs de fr cs de fr
BLEU 0.31 0.39 0.41 0.27 0.35 0.36 0.622
CHRF 0.51 0.57 0.60 0.47 0.53 0.55 0.454
TER 0.44 0.53 0.54 0.41 0.50 0.50 0.843
BERTScore 0.68 0.71 0.74 0.64 0.67 0.70 0.477
Doc-BERT 0.71 0.74 0.76 0.67 0.70 0.72 0.410
COMET 0.84 0.81 0.81 0.81 0.78 0.77 —0.143
Doc-COMET 0.75 0.73 0.72 0.71 0.68 0.67 —0.421

In summary, both surface-level and learned metrics were able to distinguish translation
variations in the contrastive evaluation. Doc-COMET, having IDs as context and source
translation in consideration, shows better suitability for multimodal tasks. Overall COMET,
as a task-specific trained metric, demonstrated higher sensitivity compared to BERTScore,
which relies on general-purpose pre-trained embeddings.

6.4. Human Evaluation Results

To analyse how visual context affects human perception of translation quality, a human
evaluation study was conducted on a subset of the COMMUTE testset using the Appraise
platform. The human evaluator rated translations on a 0-100 scale under two conditions:
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text-only (source and hypothesis only) and multimodal (source, hypothesis, and im-
age). The interface for multimodal evaluation is shown in Appendix B. Each instance
was evaluated multiple times to obtain robust averages. The evaluator was a bilingual
German-English speaker with German as their native language and an educational back-
ground in computational linguistics.

Table 5 presents the average score assigned by the human evaluator and the automatic
metrics, with the correlation score in the last column. For the without-image (w/o img)
condition, all systems received an average human score above 90 on the 0-100 scale for
English—German translation. This skewed average is obvious for two reasons. First,
the MT systems—including the LLM-based models (Aya-23 and Gemma-3)—were trained
on large, high-quality German corpora and were tested on relatively simple image-caption
translations. Second, without access to the image, the human annotator cannot judge
whether the system resolved the lexical ambiguity correctly, and therefore tended to assign
high scores to translations that were lexically and syntactically well formed. However,
when the image context was available, the average score drops, indicating that the human
evaluator revised the ratings.

Table 5. Human and automatic scores computed on a subset of the COMMUTe corpus (100 segments
per system), with Pearson correlation coefficients (r) shown in the final column. “Img” and “w/o
Img” denote whether human assessments were conducted with image context or without image
context, respectively.

Metric Aya-23 Gemma-3  Opus-MT ZeroMT r

Human (Img/w/oImg)  45.0/100.0  93.0/96.2 48.6/97.2 74.2/96.8 -

CHRF 45.40 58.33 51.25 55.26 0.923
BLEU 26.36 36.15 31.79 34.24 0.881
BERTScore 0.61 0.72 0.66 0.68 0.923
Doc-BERT 0.65 0.75 0.69 0.71 0.945
COMET 0.73 0.83 0.77 0.79 0.951
Doc-COMET 0.61 0.74 0.65 0.69 0.982

This scoring strategy is visualised in Figure 4, which presents the segment-level score
distributions for the human evaluator and the automatic metrics. The diagonal plots show
the score distributions of individual metrics, while the off-diagonal plots illustrate pairwise
comparisons between metrics. The distributions reveal clear shifts in both human and
automatic scores depending on the availability of an image during evaluation. The score
distribution for the human evaluator confirms that for text-only conditions, the human
evaluator tended to assign relatively high scores, particularly to fluent translations with
plausible semantics. When the image was available, the score distribution became more
dispersed, with pronounced peaks at both 0 and 100. These findings reinforce that even
small mistranslations or subtle lexical errors can have a substantial impact on perceived
translation quality when expert evaluators have access to visual context, in line with
previous observations by Lala [12].

Among the AEMs, COMET and Doc-COMET exhibit similar bimodal distributions,
following the human scoring behaviour. This pattern reflects cases where MT systems
failed to resolve lexical ambiguities correctly, for example, Aya-23 and Opus-MT received
scores at both extremes depending on whether ambiguity was resolved or not, as shown
in Table 5. String-based metrics such as BLEU and CHRF show a comparable bimodal
trend, distinguishing between text-only and multimodal MT outputs. However, due to
their reliance on exact surface-form matching and sensitivity to lexical variation, these
metrics produce lower absolute score ranges than neural metrics, resulting in larger peaks
at the lower end of the scale.
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Figure 4. Score distribution showing how different metrics and humans have assigned segment-level
scores for English-German. Graphs along the diagonal show distributions of each metric, while the
off-diagonal represent comparisons between metrics’ scores, with each point representing a segment.
Note that the score range differs across metrics.

In contrast, embedding-based metrics such as BERTScore and Doc-BERT assign more
generous scores, leading to more normally distributed outputs. Because these metrics rely
on cosine similarity between contextual embeddings rather than strict n-gram overlap,
they may overestimate semantic similarity in some cases. This makes them vulnerable to
structurally similar but semantically divergent translations (e.g., “man bites dog” vs. “dog
bites man”), as previously highlighted by Kaster et al. [133].

Among the systems, Gemma-3 (a multimodal LLM) and ZeroMMT (an MMT system)
achieved the highest and second-highest human scores (Table 5), respectively. In contrast,
Aya-23 and Opus-MT exhibited substantial drops in human scores when evaluated with
the associated image, indicating that these text-only systems often failed to resolve visual
ambiguities that became apparent once the image was visible.

In summary, the human study confirms that context plays a critical role for both human
evaluators and automatic metrics, as both human and some AEMs remained sensitive to
visual context. The annotator substantially revised their judgments once the image was
available, demonstrating that text-only evaluation can mask important differences between
multimodal and text-only MT systems. Likewise, trained metrics—particularly learned
neural metrics—show improved performance and stronger correlations with human scores
when visual information is incorporated via IDs.

It is important to note, however, that the human evaluation was based on source-
candidate comparison, whereas AEMs performed reference-based evaluation, with COMET
being an exception in that it also considers the source text. Since each metric captures
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different aspects of translation quality (e.g., lexical overlap, semantic similarity, and syn-
tactic structure), and lexical matching remains a common foundational signal across met-
rics [133]; combining multiple metrics or reporting them jointly can provide a more com-
prehensive and reliable assessment.

7. Discussion and Conclusions

This study examined how well existing AEMs perform for the MMT evaluation task
and whether incorporating IDs as context improves their reliability. We evaluated a range
of metrics (including n-gram-based, embedding-based, and supervised neural metrics)
across multiple test sets, comparing their behaviour on translations produced by text-only
and multimodal MT systems.

Across a series of experiments on multimodal evaluation sets, supervised neural
metrics demonstrated better performance. In particular, Doc-COMET, which incorporates
visual semantics extracted from associated images, consistently outperformed both string-
based and embedding-based baseline models. At the system level, Doc-COMET assigned
the highest scores to Gemma-3, a multimodal LLM-based system, with a clear margin
over text-only baselines. This outcome was also reflected in the human evaluation results
(Table 5). The performance of Doc-COMET on both contrastive evaluation and correlation
with human judgments highlights the importance of contextual information for assessing
MMT output. Notably, Doc-COMET’s evaluation strategy resembles human assessment
practices, as it considers the source text, the candidate translation, reference translations,
and image-derived semantic information. These supervised metrics achieved the highest
agreement with human ratings across all correlation measures.

In response to the research question (whether adding visual context in the form of
IDs benefits neural metrics during automatic evaluation), the results indicate moderate but
consistent improvements over context-agnostic counterparts, suggesting that contextual
information can improve the reliability of metric predictions. However, adding visual context
does not guarantee better performance. The effectiveness of contextual integration depends on
the metric architecture. Doc-BERT, for example, did not outperform BERTScore despite using
additional context, which contrasts with earlier findings [19,89]. In most cases, Doc-BERT
performed worse than its sentence-level variant, suggesting that the longer input sequences
introduced by IDs may dilute semantic signals rather than strengthen them. Moreover, both
BERT-based metrics underperformed compared to n-gram-based metrics, particularly in
cases where incorrect translations remained lexically similar to the reference [74].

Overall, the performance gap between n-gram metrics and learned metrics (super-
vised or embedding-based) was small, and all metrics showed positive correlation with
human ratings. Yet the contrastive and human evaluation results on the CoMMuTE corpus
revealed clear differences in how metrics respond to visually grounded meaning. All
metrics except COMET and Doc-COMET showed positive correlation with bad_reference,
indicating limited ability to detect small but meaningful semantic changes that humans
heavily penalised. In contrast, Doc-COMET showed the strongest ability to capture quality
degradation under corrupted references. While n-gram metrics (BLEU, TER, and CHRF)
handled lexical mismatches reasonably well—sometimes better than embedding-based
metrics in short-caption data—their reliance on surface overlap limits their ability to detect
deeper semantic errors. The human evaluation further confirmed the importance of visual
context: without images, the annotator assigned near-ceiling scores to all systems, but once
images were shown, scores changed sharply, especially for text-only systems. This shows
that textual fluency alone can mask semantic inaccuracies that become clear only when
visual grounding is considered. Multimodal systems achieved the highest human scores,
and trained metrics that used IDs showed better alignment with these expert judgments.
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In summary, three main conclusions emerge:

- First, visual context plays a meaningful role in both translation generation and eval-

uation, particularly for content involving ambiguity or visually grounded meaning.
Models incorporating visual information (Gemma-3 and ZeroMT) achieved higher
average human ratings, and the inclusion of image context led to improved alignment
between metric scores and human judgments.

- Second, learned metrics such as COMET and Doc-COMET are better suited than

embedding-based metrics such as BERTScore and Doc-BERT for evaluating MMT
quality, as they reflect human preferences more closely and better distinguish between
multimodal and text-only systems.

- Third, the mixed behaviour of different metrics highlights the need for multi-metric

evaluation. Each metric captures different aspects of translation quality, and no single
metric is sufficient for a comprehensive assessment. Although learned metrics perform
well, n-gram metrics remain essential for low-resource scenarios where language-
independent tools are required [67]. Simple parameter-free averaging of multiple
metrics has also been shown to improve correlation with human judgments by up to
13% [133].

While the findings support the usefulness of IDs in multimodal evaluation, this study
also reveals limitations. The improvements from contextual integration remain moderate,
and not all metric architectures benefit from additional inputs. Moreover, the human
evaluation was small in scale, limiting broader generalisation. Future work should expand
human evaluation efforts and explore more effective ways of integrating visual grounding
directly into metric design, beyond the shallow use of descriptive context adopted here.
One possible direction is to compute embedding similarity using multimodal-multilingual
models (e.g., VILBERT; CLIP) instead of unimodal BERT, as demonstrated in related work
on image caption evaluation [15,16]. Another avenue is to initialise evaluation metrics from
vision-language models rather than text-only language models, followed by fine-tuning on
human evaluation data, to test whether multimodal pre-training helps reduce token bias
and ambiguity in metric predictions.
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The following abbreviations are used in this manuscript:
AEM  Automatic Evaluation Metric

MT Machine Translation

MMT  Multimodal MT

ID Image Description
LLM  Large Language Model

Appendix A
We provide the prompts used to generate image descriptions.

Table Al. Prompts used to generate image descriptions. Image was provided with each prompt in a
json format for generation.

Language Prompt

English Describe the image in a single sentence in English. Provide only the description, nothing else.
French Décrivez I'image en francais en une seule phrase. Ne fournissez que la description, rien d’autre.
German Beschreiben Sie das Bild in einem Satz auf Deutsch. Geben Sie nur die Beschreibung an, sonst nichts.
Czech Popiste obrdzek jednou vétou v Cesting, uved'te pouze popis, Zddné dalsi informace.

Appendix B

English — German (Deutsch)

English: The fans were still out of order.

German: Die Fans waren immer noch auBer Betrieb.

0%: No meaning preserved 33%: Some meaning preserved 66%: Most meaning preserved 100%: Perfect

Reset « Completed

Continue to next document

Figure A1. Screenshot of the Appraise interface showing the English source, the German translation,
and the associated image as additional context.
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Appendix C

The table below presents a comprehensive breakdown of AEMs across the evaluation
corpora, reporting results for three language pairs (en-cs, en-de, and en-fr) as well as
averages of corpus scores and language-pair scores per metric. Bold values in the corpus
section indicate the highest average score for a given language pair, while bold values
in the last column represent the highest average score across corpora. For all metrics,
the test2016 and test2017 corpora achieve the highest average scores, with test2016
topping five out of seven cases; these test sets also contain the largest number of segments
(see Section 5.1). Similarly, for language pairs, en-fr achieves the highest average score in
most cases, with en-cs being the top scorer in two out of seven instances.

Table A2. Evaluation scores from automatic metrics across four corpora and three language pairs
(en—cs, en—de, and en—fr), reporting corpus-level, metric-level, and overall average scores.

Metric Corpus cs de fr Ave. Corpus
CHRF CoMMuTE 51.43 57.06 60.26 56.25
test2017 - 60.46 7091 65.69
test2016 57.24 66.36 71.32 64.97
MLT - 48.94 64.70 56.82
Ave. language 54.34 58.21 66.80 60.93
BLEU CoMMuTE 31.17 39.02 41.80 37.33
test2017 - 33.01 50.96 41.98
test2016 31.90 39.74 51.34 40.99
MLT - 8.70 36.77 22.74
Ave. language 31.54 30.12 45.22 35.76
TER (1) CoMMuTE 55.61 47.26 4597 49.61
test2017 - 54.55 33.75 44.15
test2016 50.94 44.96 33.28 43.06
MLT - 55.69 44.52 50.11
Ave. language 53.25 50.62 39.38 46.73
BERTScore CoMMuTE 0.678 0.706 0.739 0.708
test2017 - 0.677 0.789 0.733
test2016 0.725 0.754 0.812 0.764
MLT - 0.502 0.661 0.582
Ave. language 0.701 0.660 0.750 0.697
Doc-BERT CoMMuTE 0.713 0.738 0.763 0.738
test2017 - 0.730 0.820 0.775
test2016 0.759 0.789 0.837 0.795
MLT - 0.582 0.716 0.649
Ave. language 0.745 0.710 0.784 0.739
COMET CoMMuTE 0.845 0.819 0.818 0.827
test2017 - 0.810 0.839 0.824
test2016 0.876 0.851 0.864 0.864
MLT - 0.697 0.785 0.741
Ave. language 0.861 0.794 0.827 0.814
Doc-COMET  CoMMuTE 0.750 0.729 0.724 0.734
test2017 - 0.744 0.761 0.753
test2016 0.814 0.776 0.790 0.796
MLT - 0.624 0.703 0.663
Ave. language 0.782 0.718 0.745 0.737
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Figure A2. (a) Pearson’s correlation between automatic evaluation metrics. (b) p-values from Williams
significance tests. Coloured cells indicate that the correlation with human scores of the metric in
the row is significantly higher than that of the metric in the column. Results are reported on the

THumB dataset.
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