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Abstract  

There is growing interest in using machine translation quality estimation (MTQE) metrics and 

models and large language models (LLMs) to assess information fidelity in interpreting quality 

automatically. However, studies have been limited to text-based assessments only. This study 

compared speech-to-speech (S2S) assessment and text-based assessment. The experiment 

began by segmenting audio recordings of simultaneous interpreting (SI) into one-minute 

intervals and isolating the source speech and the target interpretations in each segment. We 

used LLMs, BLASER, and speech embeddings and the last hidden states from HuBERT and 

Wav2Vec to assess interpreting quality at the speech level. In addition, we explored the use of 

automatic speech recognition (ASR) for transcribing segments, coupled with human 

verification and LLM along with MTQE models such as COMET and TransQuest for minute-level 

text-based assessment. The findings indicate the following: (1) LLMs cannot conduct the 

speech-based assessment of interpreting quality directly but demonstrate certain capabilities 

in text-based assessment when evaluating based on transcriptions, displaying a moderately 

high correlation with human ratings (Pearson r = 0.66); (2) in contrast, BLASER operates 

directly at the speech level and demonstrates a comparable correlation (r = 0.63) with human 

judgements, confirming its potential for speech-based quality assessment; (3) a combined 

metric integrating both S2S and text-based assessments, as proposed in this study, accounts 
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for approximately 47% of the variance in human judgement scores, which highlights the 

potential of integrated metrics to enhance the development of machine-learning models for 

assessing interpreting quality. Such metrics offer an automated, cost-effective, and labour-

saving method of evaluating SI by human beings and enable direct quality estimation in end-

to-end speech-to-text (S2T) and S2S machine interpreting (MI) systems for continuous quality 

monitoring during training and deployment. 

Keywords: simultaneous interpreting, SI, speech-to-speech assessment, S2S, text-based 

assessment, automatic assessment, large language model, LLM, machine translation quality 

estimation, MTQE 

1. Introduction 

Since the 1980s, interest has been growing in quality assessment in interpreting. This led to 

the publication of extensive literature about its importance in interpreter training and the 

multifaceted nature of interpreting quality (Bühler, 1986; Gile, 1995; Harris, 1990; Kurz, 1993, 

2002; Moser, 1996; Pöchhacker, 2022; Seleskovitch et al., 1994). This increasing interest has 

shaped quality assessment into one of the major areas in interpreting studies, with new 

models and methodologies emerging continuously (Chung, 2020; Fantinuoli & Prandi, 2021; 

Fernandes et al., 2023; Han & Lu, 2021; Kocmi & Federmann, 2023; Lu & Han, 2022; Wang et 

al., 2023; Wang & Yuan, 2023).  

The prevailing discussion in the field centres on information fidelity – the most important 

aspect of interpreting quality. Recognizing that human assessment of interpreting quality is 

cognitively taxing and time-consuming, researchers have begun exploring the automation of 

this process. Despite recent advances, the development of automated methodologies for 

assessing interpreting quality is still nascent. The most common method involves automatically 

transcribing the source speech and its interpretations, followed by employing various metrics 

or models to assess the information fidelity. Regarding automation, this text-based assessment 

process still requires human verification to ensure the accuracy of the automatic transcription 

and alignment. Research on direct speech-to-speech (S2S) assessment in interpreting studies 

has yet to be conducted. 

Against this backdrop, this study uses speech embeddings and the last hidden state to compute 

cosine similarity, measuring the semantic similarity between the source speech and 

interpretations. In addition, this research employs S2S translation metrics to assess the fidelity 

of information. The outcomes of these speech-based assessments are then compared with the 

results derived from combining Automatic Speech Recognition (ASR) with text-based 

assessments by models, embeddings, and LLMs, using human assessment as the benchmark. 
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This comparative analysis aimed to evaluate the efficacy and accuracy of direct S2S assessment 

methods in interpreting studies. 

2. Literature review  

2.1 Features of simultaneous interpreting  

Simultaneous interpreting (SI) is one of the most cognitively demanding language mediation 

activities, one that requires interpreters to process and reformulate information across 

languages in real-time with minimal delay. This practice emerged in the 1920s with the 

development of transmission equipment that enabled interpreters to work simultaneously 

rather than consecutively (Pöchhacker, 2022). Research has established a fundamental 

distinction between consecutive interpreting (CI), where rendition follows the completed 

source-language (SL) utterance, and SI, where interpretation occurs concurrently with the 

ongoing SL presentation.  

The time constraints inherent in each modality necessitate distinct information-processing 

strategies and produce different outputs. In CI, interpreters must identify information 

structures, prioritize key information points, and retain them strategically through a 

combination of short-term memory and note-taking techniques before reconstructing them 

coherently in the target language (TL) (Wang, 2023). SI demands techniques such as linear 

processing, segmentation, and anticipation to manage the concurrent tasks of listening in the 

SL and speaking in the TL (Wang, 2023). This is particularly challenging because interpreters 

operate with only a partial view of the unfolding SL message while focusing on maintaining the 

flow and accuracy of information, whereas interpreters performing CI are able to process the 

complete message, which allows them to establish logical connections and incorporate 

essential supporting details after careful consideration (Wang, 2023; Yang, 2010). The 

difference between CI and SI could result in more lexically simplified output in CI compared to 

SI (Lv & Liang, 2019).  

2.2 From speech-to-text to speech-to-speech in speech translation  

In examining automated assessment approaches for SI, it is useful to understand the 

mechanisms of speech translation tasks as they share similar challenges and methodological 

foundations, which are briefly reviewed in this section and in section 2.3. 

The field of speech translation includes two closely related tasks that share important parallels 

with SI. S2T converts spoken content in one language directly to written text in another, 

bypassing the need for explicit transcription of the SL (Anastasopoulos et al., 2022). This 

technology enables applications that range from multilingual subtitling to cross-language 

meeting documentation. S2S translation, meanwhile, transforms spoken input in an SL into 

spoken output in a TL with the aim of preserving not only the semantic content, but also the 
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paralinguistic features such as intonation and speaking style (Jia et al., 2019). Both tasks 

fundamentally involve cross-lingual transfers under temporal constraints, rendering them 

technologically similar to SI. 

Early speech translation systems employed cascaded architectures that connected separate 

components: ASR followed by machine translation for S2T, with text-to-speech synthesis 

added for S2S implementations (Müller et al., 2016). In recent years, we have witnessed a 

paradigm shift towards end-to-end neural approaches that map directly between source and 

target representations without explicit intermediate stages. This evolution is exemplified by 

Translatotron, which pioneered direct S2S translation using sequence-to-sequence modelling 

with spectrograms as inputs and outputs (Jia et al., 2019, 2022; Nachmani et al., 2024). More 

recent models such as SeamlessM4T have advanced the state of the art even more, with 

transformer-based architectures handling multiple languages and modalities simultaneously 

(Barrault et al., 2023).  

2.3 Assessment of information fidelity in interpreting 

An upsurge in scholarly publications on interpreting quality assessment has occurred in recent 

years, focusing as they have on assessment frameworks and quality measurement strategies. 

As Pöchhacker (2022) notes, quality in interpreting converges with diverse dimensions, 

including textual features, source–target correspondence, communicative effect, and 

interpreter skills and role performance. The International Association of Conference 

Interpreters (AIIC) underscores the paramount importance of interpreting quality as measured 

by the degree of excellence and alignment with established standards. Survey studies about 

quality (Bühler, 1986; Kurz, 1993, 2002; Kurz & Pöchhacker, 1995; Zwischenberger, 2010) have 

consistently underscored information fidelity, TL quality, and delivery as critical quality 

dimensions. 

The assessment of information fidelity has evolved through various methodologies. Gerver’s 

(1969/2002) pioneering work quantified quality at the word level by counting errors, omissions, 

and replacements. Mackintosh (1983) enhanced assessment precision by segmenting 

sentences into meaningful units with predefined point values. Carroll (1978) shifted the 

emphasis to holistic sentence-level analysis, focusing on the informational correspondence 

between source and target texts. Tiselius (2009) later modified Carroll’s scale specifically for 

interpreting assessments by adapting it to spoken-language contexts. Lu (2018) identified 

operational constraints, SL factors, and interpreting direction as key contributors to the loss of 

propositional information in SI. 

Whereas propositional analysis offers a structural approach to assessment by deconstructing 

texts into fundamental units for comparative evaluation, scale-based scoring has emerged as 

the predominant methodology in recent years. Propositional analysis breaks down texts into 

fundamental propositional units for comparative evaluation (Lambert, 1988; Lee, 1999, 2002; 
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Liu & Chiu, 2009; Lu, 2018, 2020). However, Clifford (2002) has noted that this approach often 

fails to capture subtler aspects such as attitudes, discourse styles, modalities, and speech acts.  

Scale-based scoring has become prevalent due to its broader applicability and ease of 

implementation (Han, 2017; Lee, 2008; Liu & Chiu, 2009; Tiselius, 2009; Yeh & Liu, 2006). Han 

(2017) demonstrated that rating scales performed consistently well across different 

evaluations, while Nia and Modarresi (2019) validated a rubric for consecutive interpreting 

assessment comprising 22 items distributed over four factors. Wu et al. (2013) confirmed the 

reliability and validity of the analytic rating scales of the CETICE (Chinese and English 

Translation and Interpretation Competency Examinations) without detecting halo effects. 

Despite its comparative reliability against other methodologies (Han, 2015, 2017; Lee, 2015; 

Liu, 2013), scale-based assessment faces challenges in scale design, rater consistency, and 

dependence on professional judgement. 

2.4 Text-based automatic assessment of interpreting quality 

Recent studies have begun to automate the text-based assessment of interpreting quality, 

primarily using ASR technology for transcription, followed by three main assessment 

approaches. First, Machine Translation Quality Estimation (MTQE) models assess the semantic 

similarity between transcribed source and target segments at the sentence level. Second, LLMs 

measure the semantic similarities of texts based on transcripts. Third, the vectorisation of 

transcribed segments enables their cosine similarity to be assessed in order to evaluate their 

semantic alignment. 

In adapting translation metrics for the assessment of interpreting, researchers employ the 

reference-based metrics originally designed for MT. These include BLEU (Papineni et al., 2002), 

which analyses n-gram similarity between interpreted transcripts and references; NIST 

(Doddington, 2002), which prioritizes contextually significant n-grams in interpreted content; 

METEOR (Banerjee & Lavie, 2005), which evaluates interpreting quality through precision, 

recall, and synonym recognition; and TER (Snover et al., 2006), which quantifies the edits 

required to align interpreted text with reference transcripts. The more advanced reference-

based BERTScore model (Zhang et al., 2019) uses BERT’s contextual embeddings to assess 

interpreting fidelity, whereas COMET (Rei et al., 2020) employs deep learning to analyse the 

semantic and contextual relationships in interpreted content. 

The evolution towards reference-free assessment methods has particular relevance to 

interpreting studies, where reference translations are often unavailable. This advancement 

relies on neural networks (RNNs, CNNs, and Transformers) to enhance cross-sequence 

contextual understanding. The WMT Quality Estimation framework has produced models 

applicable to interpreting assessment, including TransQuest (Ranasinghe et al., 2020), which 

combines XLM-RoBERTa embeddings with Transformers, and COMET-QE (Rei et al., 2020). 
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For cross-lingual assessment critical to interpreting evaluation, multilingual text-embedding 

models offer significant advantages. The LabSE model (Feng et al., 2022), for instance, captures 

semantic details across languages; SentenceBERT (Reimers & Gurevych, 2019) generates 

meaning-reflective embeddings for interpreted segments; mUSE (Yang et al., 2020) enhances 

cross-lingual understanding across various NLP tasks, and LASER (Artetxe & Schwenk, 2019; 

Heffernan et al., 2022) facilitates the direct comparison of source and interpreted content 

through fixed-size semantic vectors. 

In translation and interpreting assessment, researchers typically compare automatic methods 

with human judgement. Chung (2020), for instance, demonstrated BLEU’s and METEOR’s 

potential as reliable tools for measuring German–Korean translation quality. Han and Lu (2021) 

expanded the metrics for consecutive interpreting assessment, revealing a significant 

correlation between various metrics at the sentence level for English–Chinese interpretations. 

Wang and Wang (2024) found superior performance by cross-lingual embeddings compared 

to that of MTQE models and traditional MT metrics. 

Fantinuoli and Wang (2024) incorporated GPT-based LLMs to assess English–Spanish 

interpreting quality directly; they found that GPT models, especially GPT-3.5 with direct 

prompting, align most closely with human evaluations of semantic similarity, with the context 

window size significantly affecting this correlation. 

The field continues to evolve, with innovations such as GEMBA (Kocmi & Federmann, 2023), a 

GPT-derived metric which evaluates translation quality with or without references and displays 

accuracy comparable to human evaluations across multiple language pairs. Another 

innovation is that of Fernandes et al. (2023), who introduced AUTOMQM. It leverages LLMs to 

identify and classify errors in translations, providing transparent analysis that is aligned with 

human-annotated errors. Both approaches use a one-to-five-star ranking methodology 

(GEMBA-stars). 

2.5 Speech-to-speech evaluation metrics and representations 

In the realm of speech modalities, a few neural network models have been developed to 

generate speech representations and evaluate S2S translations. One notable model – 

Wav2Vec-BERT 2.0 – was developed by Facebook AI Research (FAIR) (Baevski et al., 2020). This 

model initially learns from extensive volumes of unlabelled audio data. It is trained to predict 

small segments of audio that are masked during the learning phase. Following this 

unsupervised pre-training, the model can be fine-tuned with a limited set of labelled data to 

perform specific tasks. 

Wav2Vec-BERT 2.0 (Baevski et al., 2020) offers two representations of input data: last hidden 

states and embeddings. The last hidden state – the output from the model’s final layer before 

any task-specific output layer (e.g., classification or embedding layer) – encapsulates the most 
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refined version of the input data. This state, which is highly context-sensitive, varies 

substantially according to different inputs, reflecting the model’s response to the specific 

characteristics of the input data at any given moment. In contrast, embeddings provide a more 

abstract representation. Typically derived from hidden states through additional 

transformations or directly generated for this purpose, embeddings aim to capture essential 

features of the input data; in this way, they provide stability and general applicability for 

various tasks, including classification, detection, and integration into subsequent modelling 

processes. 

Following the paradigm established by Wav2Vec-BERT 2.0, HuBERT (Hidden Unit BERT) (Hsu et 

al., 2021) represents another innovative self-supervised learning model from Facebook AI, one 

that is specifically designed for speech-processing tasks. Similar to Wav2Vec2-BERT 2.0 in 

certain respects, HuBERT introduces distinct methodologies and capabilities. The core of its 

approach lies in its learning speech representations by predicting hidden units of speech that 

are not directly observable during training. This prediction of unobserved elements enables 

HuBERT to capture the underlying structures of speech, which facilitates the modelling and 

processing of speech data without the need for explicit supervision. 

In the light of models such as Wav2Vec-BERT 2.0 and HuBERT, it is crucial to recognize the 

distinctions between speech and text embeddings. Speech embeddings, such as those 

generated by models such as Wav2Vec-BERT 2.0 (Baevski et al., 2020) and HuBERT (Hsu et al., 

2021), include not only the information from the audio segments and contextual 

understanding from the surrounding audio, but also paralinguistic features such as intonation 

and rhythm, which are absent in text embeddings. In contrast, text embeddings focus on the 

semantic and syntactic properties of written text. Speech representations are primarily used 

for downstream speech-processing tasks, notably speech recognition.  

In contrast to speech representations, specialized evaluation metrics such as BLASER (Chen et 

al., 2023) are designed specifically to measure the accuracy of S2S translations. BLASER uses 

two distinct embedding types: SpeechLASER, which requires a reference translation for 

comparison, and SONAR, which allows for reference-free quality assessments. Central to 

BLASER’s approach is its multimodal encoder, which encodes both the source speech and its 

translated output into a multidimensional space. This space is then used to calculate the scores 

for translation quality. For unsupervised assessments, this score is derived from the cosine 

similarity between embeddings, whereas supervised assessments enhance the accuracy by 

incorporating human ratings into the feature-training process. 

2.6 Summary 

Despite extensive advancements in automated assessment methods, a significant research 

gap persists in the direct S2S evaluation of interpreting quality. BLASER offers a specialized 

framework for S2S translation assessment. However, its applicability to interpreting contexts 
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remains unverified due to fundamental differences between its training datasets (TED Talks 

and native-speaker recordings) and authentic interpreting scenarios, which feature 

constrained language use and distinctive paralinguistic elements. Similarly, speech 

representation models such as Wav2Vec-BERT 2.0 and HuBERT, while capable of capturing the 

paralinguistic features absent in text embeddings, may deal inadequately with interpreting-

specific characteristics; this suggests that initial experiments should prioritize the assessment 

of information fidelity rather than aspects of delivery. In addition, the literature indicates that, 

although LLMs have been successfully applied to text-based interpreting evaluation, their 

potential for direct speech-modality assessment remains unexplored. This is a particularly 

promising research direction, given SI’s dual-channel audio structure, which facilitates source–

target alignment in contrast to CI’s sequential delivery format that complicates such parallel 

analysis. 

3. Research questions 

Based on the discussions in the literature review, while S2S assessment of interpreting quality 

is theoretically viable, it calls for empirical testing. Therefore, this research tests S2S 

assessments using BLASER, embeddings, and the last hidden state from Wav2Vec-BERT 2.0 

(hereafter referred to as Wav2Vec) and HuBERT, along with LLMs (GPT) for evaluation based 

on direct speech. As a reference for comparison, text-based assessments are conducted using 

COMET, TransQuest, and GPT. By comparing S2S evaluation with text-based assessment, this 

study responded to the following three research questions: 

• RQ1. Can speech-to-speech translation metrics such as BLASER or speech embeddings be 

used to assess information fidelity automatically in SI? 

• RQ2. How does S2S assessment perform in comparison to automatic assessment that 

employs ASR combined with text-based metrics or LLM-based scores, using human 

judgement as the benchmark? 

• RQ3. To what extent do combined metrics from both S2S and text-based assessments 

enhance the accuracy and reliability of interpreting quality assessment over using either 

approach in isolation? 

4. Data and methodology 

4.1 A dataset of interpreting performance 

In this study, we collected data from a homogeneous group of participants who were tailored 

to meet our research objectives. The cohort consisted exclusively of full-time students aged 
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between 22 and 24 who were participating in a postgraduate professional interpreting 

programme. All of them are native Mandarin Chinese speakers, which was the TL in the study. 

We carefully selected this specific age range and language background to reduce variability 

and control external influences. Our goal in selecting this particular demographic was to 

facilitate a thorough analysis of SI performance in a controlled educational setting, in this way 

intending to provide insights that are relevant to similar academic contexts.  

The recordings of these interpreting performances were collected at the end of the second 

semester, by which time all of the participants had undergone one year of professional training 

and were competent in performing English to Mandarin SI. During that semester, the 

participants were tasked with the SI of an approximately 12-minute speech at the end of the 

semester. The speech was delivered extemporaneously – speakers prepared the speech in 

advance but delivered it in an authentic and spontaneous manner without reading from a 

script. As a result, 12 interpreting recordings were collected, each of them lasting 

approximately 12 minutes. The 12 recordings of SI created a dataset totalling 144 minutes, 

divided into 150 audio segments.  

4.2 Assessment by human raters  

The assessment was carried out by two experienced raters: a native English-speaking tutor and 

a Mandarin Chinese interpreting tutor, each with more than ten years of professional 

interpreting experience. They evaluated each interpreting performance using criteria such as 

accuracy and completeness, which are detailed in the Assessment Criteria for Simultaneous 

Interpreting Modules (Interpreting teaching team, 2020), indicated in Appendix A. For the 

assessment, the raters employed a structured five-tier grading system, which was categorized 

as: Very Poor, Poor, Pass, Good, and Very Good. This system is convertible into a numerical 

scale ranging from 1 to 5 points. 

4.3 Speech-to-speech assessment 

The initial step in direct S2S assessment involved segmenting recordings that contain both the 

source speech and the target interpretations into one-minute intervals. Subsequently, we 

employed FFmpeg, a comprehensive multimedia software suite, to separate the stereo MP3 

files into distinct mono WAV files for each language channel – specifically, English and 

Mandarin. This process resulted in multiple one-minute segments of both source speech and 

target interpretations, which were stored in a database. Importantly, the corresponding 

segments of source speech and target interpretations were aligned with identical timestamps, 

which facilitated paired processing for subsequent assessments. It is noted that, although this 

segmentation may result in sentences ending unnaturally and minor misalignments due to the 

ear–voice span, it does enable fully automated processing through rule-based programming. 

This advantage could become even more significant if the process were to be developed into 

a dedicated tool in the future. 
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For the evaluation phase, specifically using GPT 4.0, we developed detailed prompts that direct 

the model to assess the semantic similarity between pairs of source and target segments from 

our interpreting dataset on the speech level. The prompt was as follows: 

Score the speech segment of Chinese interpretation against the segment of English 

original speech on a continuous scale from 1 to 5. A score of one implies: Poor analytical 

skills and/or comprehension resulting in significant distortions and misunderstandings of 

the main narrative. The explanations are inadequate, leading to a highly inaccurate 

rendition. Essential ideas and primary data are missing, coupled with a severe deficiency 

in secondary data. The overall structure is lacking, with disjointed ideas making the 

rendition difficult to comprehend. Meanwhile, a score of five suggests: The primary 

message is conveyed with minimal to no distortion or omission. Both secondary and 

primary data are preserved accurately. The rendition maintains clarity in its links and 

structure, with details presented comprehensively.  

We also used BLASER2i to perform reference-free assessment. This approach did not rely on 

references; instead, it began with the extraction of embeddings from the segments of source 

speech and target interpretations using the SONAR model. These embeddings allowed for the 

computation of similarity scores between the source and target outputs by BLASER2, which 

provided a measure of interpreting quality without the need for predefined reference texts. 

In addition, we used the embeddings and the last hidden states from both Wav2Vecii  and 

HuBERT. iii  The feature extraction methodology involved two critical processes which used 

these models. First, embedding extraction was conducted: both models were employed to 

extract deep speech embeddings from normalized waveforms. Second, the last hidden state 

extraction was performed: the final hidden states of the outputs from both HuBERT and 

Wav2Vec were computed. 

In the similarity computation phase, cosine similarity was calculated for both sets of features: 

embeddings and last hidden states. This metric is used to measure the semantic closeness 

between segments of target interpretations and segments of a source speech, assessing how 

accurately the interpretations reflect the original content. 

4.4 Text-based assessment 

To diversify our evaluation methods for the purpose of comparison, we also conducted 

reference-free text-based assessments. This process begins by segmenting the audio 

recordings into one-minute intervals, followed by isolating the source speech and the target 

interpretations. For the transcription, we implemented Google Cloud Speech-to-Text API iv 

using the Python client library. The implementation involved four main steps: 

1. initializing the API client with service account credentials;  
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2. configuring recognition settings with appropriate language codes and enhanced models 

with automatic punctuation enabled;  

3. uploading audio as 16kHz FLAC files, and  

4. retrieving the transcription results via synchronous recognition requests.  

Each transcription underwent verification by human raters to ensure its accuracy. 

Corresponding transcriptions of source speech and target interpretations were paired and 

stored in our database for further analysis. 

Models distinguished by their training methodologies, data sources, and specific adaptations 

for tasks were incorporated into our study. Notably, TransQuestv (Ranasinghe et al., 2020), 

which is designed to assess translation quality, was selected. We leveraged TransQuest’s 

functionalities to extract both direct assessment scores and human-centric error rates, 

employing models such as MonoTransQuest and SiameseTransQuest for direct assessments 

and another version of MonoTransQuest for HTER. 

For the assessment using COMET analysis, the process begins with the installation of the 

COMETvi package, which provides access to a suite of models tailored to evaluating quality. 

Once installed, the COMET model is accessed and deployed specifically to estimate the 

sentence-level quality. The model then employs machine learning algorithms to analyse each 

paired segment and calculate a single quality score for it.  

In addition, we used the LLM – specifically the GPT-3.5 Turbo model accessed via the OpenAI 

API (Radford et al., 2018, 2019; Brown et al., 2020) – to assess the fidelity of the information 

in the transcriptions, as it is well-suited to processing batches of textual data. We prompted 

the LLM with the transcribed source speeches and their corresponding target interpretations. 

The prompts are tailored to assess the interpreting quality based on a scale from 1 to 5, with 

criteria adapted from Interpreting teaching team (2020). A score of 1 indicates poor 

comprehension and significant distortions, whereas a score of 5 suggests excellent fidelity that 

preserves both primary and secondary data with comprehensive clarity in the narrative 

structure. The prompt was as follows: 

Score the following transcribed Chinese interpretation against transcribed English source 

speech on a continuous scale from 1 to 5. A score of one implies: “Poor analytical skills 

and/or comprehension resulting in significant distortions and misunderstandings of the 

main narrative. The explanations are inadequate, leading to a highly inaccurate rendition. 

Essential ideas and primary data are missing, coupled with a severe deficiency in 

secondary data. The overall structure is lacking, with disjointed ideas making the rendition 

difficult to comprehend.” Meanwhile, a score of five suggests: “The primary message is 

conveyed with minimal to no distortion or omission. Both secondary and primary data are 

preserved accurately. The rendition maintains clarity in its links and structure, with details 

presented comprehensively.” 
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4.5 Statistical analysis 

To evaluate the performance of different models we initially conducted a descriptive analysis, 

particularly comparing direct S2S with text-based assessments using ASR and translation 

quality estimation models. This analysis focused on the scores obtained from the two distinct 

machine-based methods to examine the distribution and central tendencies of the scores of 

each tool. 

Subsequently, we analysed the trends and variance in model scores across audio segments 

and variance in order to determine the reliability and consistency of the different models. This 

step involved scrutinizing the way in which model performance fluctuated across different 

segments and under various conditions so as to gauge each model’s stability and predictability. 

Correlation coefficients were calculated to ascertain the linear relationships between the 

scores from the different tools, which offered insights into how consistently various models 

evaluated the same dataset. This analysis was complemented by scatter plots, which provided 

a visual representation of each model’s predictive performance and reliability. By integrating 

both statistical and graphical analyses, the study presented a detailed assessment of how well 

automated systems can emulate human evaluative criteria in assessing the quality of 

interpreting. 

In addition, machine-generated scores were compared with human judgements using a 

regression model. Given that human scores encompass the entirety of an interpretation 

whereas machine scores are specific to individual minutes, we aggregated the machine scores 

for each complete interpretation before performing a correlation analysis with the human 

scores. This aggregation ensured that the analysis reflected the overall quality of the 

interpretation as judged by human beings, which facilitated a more comprehensive 

comparison of the human and machine assessments. 

5. Results 

5.1 Descriptive analysis of assessment methods 

In assessing the performance of various models for evaluating the quality of S2S and text-

based translation, descriptive statistics were computed for each model’s score distribution 

across 150 audio-file segments. The S2S assessment models include HuBERT embeddings, 

HuBERT’s last hidden state, Wav2Vec embeddings, Wav2Vec’s last hidden state, and both 

supervised and unsupervised BLASER models. The text-based assessment models consisted of 

COMET-QE, TransQuest Mono DA, TransQuest Mono HTER, TransQuest Siamese DA, and GPT-

3.5 Turbo. These descriptive statistics helped to characterize the distribution and variability of 

the similarity scores produced by each model, which offered insights into the consistency, 

range, and central tendency of their quality assessments. 
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Table 1 

Descriptive statistics of similarity-based quality scores generated by S2S and text-based 

assessment models 

 

Of the S2S models, HuBERT embeddings show the lowest mean similarity score (0.12) with a 

relatively high standard deviation (0.16), indicating high variability. In contrast, Wav2Vec 

embeddings produce a perfect average score (1.00) with no variation, suggesting either high 

consistency or possible ceiling effects. The supervised BLASER model achieves a much higher 

mean (3.22), but its scale differs from those of the other models, because it uses a scoring 

range not normalized to [0,1]. 

For the text-based models, COMET-QE has the lowest average score (0.03), with a very narrow 

score range. The TransQuest models perform within a higher and more stable band, averaging 

between 0.61 and 0.68. The GPT-3.5 Turbo model shows the greatest variability among the 

text-based models, with a wide range from 0.00 to 0.75 and a relatively high standard deviation 

(0.32), which suggests less consistency but greater sensitivity to input diversity. 

 Group Mean Std. dev. Min. 25% Median 75% Max. 

HuBERT 

embedding 

Speech-

to-

speech 

0.12 0.16 –0.23 0.00 0.11 0.23 0.63 

HuBERT last 

hidden state 0.97 0.02 0.90 0.96 0.97 0.98 0.99 

Wav2vec 

embedding 1.00 0.00 1.00 1.00 1.00 1.00 1.00 

Wav2vec last 

hidden state 0.93 0.04 0.81 0.91 0.94 0.95 0.99 

BLASER 

unsupervised 0.55 0.08 0.14 0.52 0.57 0.60 0.67 

LASER 

supervised 3.22 0.23 2.62 3.06 3.24 3.38 3.92 

COMET-QE 

Text-

based 

0.03 0.02 0.00 0.02 0.03 0.03 0.12 

mono da 0.61 0.05 0.51 0.57 0.61 0.64 0.73 

mono HTER 0.68 0.06 0.52 0.64 0.70 0.73 0.82 

Siamese da 0.63 0.05 0.50 0.59 0.63 0.67 0.75 

GPT 3.5 Turbo  0.28 0.32 0.00 0.2 0.3 0.4 0.75 
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5.2 Trend and variance analysis  

In our analysis of various S2S and text-based quality assessment models (hereafter referred to 

as S2S assessment models and text-based models, respectively) we observed distinct scoring 

patterns across segmented minute intervals of audio files. As shown in Figure 1, the models 

form two clearly separated clusters with different scoring ranges. The upper cluster (scores 

3.0–4.0) consists predominantly of BLASER models (both supervised and unsupervised), 

whereas the lower cluster (scores –1.0 to 1.0) includes the remaining models. 

Figure 1 

Trend of scores over minute segments by models 

 

In the upper cluster, BLASER models show gradually declining trends from minute 0 to minute 

12, with the unsupervised variant starting higher (approximately 3.9) but demonstrating more 

pronounced fluctuations throughout the segments. The supervised BLASER model maintains 

slightly more consistent scoring, although both exhibit a downward trend as the segment time 

increases. 

Most notably, GPT-3.5 Turbo displays dramatic instability, with sharp drops at minutes 3 and 

12 (reaching approximately –1.0), which suggests severe performance degradation when it 

encounters certain audio characteristics. This extreme variance distinguishes it from the other 

models in the lower cluster, which maintain more consistent scoring despite minor fluctuations. 

Figure 2 presents a streamlined view of these trends by assessment mode. The S2S assessment 

models (blue line) consistently score higher (average approximately 1.1) than the text-based 
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models (yellow line, average approximately 0.5) across all the audio segment indices. The 

considerable gap between these modes (approximately 0.6 points) persists throughout the 

assessment, indicating a fundamental difference in the way these approaches evaluate 

interpreting quality. 

Figure 2 

Streamlined trend of scores over minute segments by assessment modes 

 

The trend for S2S assessment models exhibits pronounced oscillations with significant peaks 

and troughs, reflecting greater sensitivity to segment-by-segment variations in the audio 

characteristics. The amplitude of these oscillations (approximately ±0.2) indicates that, 

whereas the S2S assessment models (including the BLASER, HuBERT, and Wav2Vec variants) 

generally perform well, their consistency varies substantially across different audio conditions. 

In contrast, the text-based models demonstrate a more stable trend with less dramatic 

fluctuations (approximately ±0.1), which is probably due to the normalizing effect of the 

transcription process. By converting speech to text before assessment, text-based models 

(which include COMET, monoTransQuest DA, monoTransQuest HTER, siameseTransQuest DA, 

and GPT-3.5 Turbo) filter out acoustic variations, which results in more consistent evaluations 

across segments. However, this stability comes at the cost of consistently lower scores, which 

suggests that the text-based models may be more stringent in their quality assessment or less 

responsive to positive aspects of the interpretations that are captured in direct speech 

evaluation. 

The variance analysis (Figure 3) quantifies these observations, revealing that GPT-3.5 Turbo 

exhibits the highest variance by a substantial margin (approximately 0.10) – more than double 

that of any other model. This explains the extreme fluctuations observed in Figure 1, where 

GPT-3.5 Turbo scores plummet dramatically at specific points in time. The supervised BLASER 
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model demonstrates the second highest variance (approximately 0.05), which is noteworthy, 

given its position in the upper scoring cluster. This indicates that, despite its generally higher 

scores, the supervised BLASER exhibits considerable inconsistency across different audio 

segments. 

Figure 3 

Variance of scores across models 

 

The HuBERT embedding mean similarity shows the third-highest variance (approximately 

0.025), whereas most other models – including Wav2Vec embedding mean similarity, HuBERT 

last hidden state mean similarity, and Wav2Vec last hidden state mean similarity – 

demonstrate remarkably low variance (below 0.01). The COMET, monoTransQuest DA, 

monoTransQuest HTER, and siameseTransQuest DA models all show minimal variance, with 

values close to zero, which indicates highly consistent scoring behaviour regardless of the 

characteristics of the audio segment. 

5.3 Correlation analysis  

In assessing the alignment between the machine-generated interpreting quality scores and 

the holistic human judgements, a correlation analysis was conducted. The study involved 

aggregating the machine scores across all segments of each audio file so as to derive a 

composite machine score, which was then correlated with the corresponding human ratings.  

The results of the correlation analysis reveal a varied spectrum of alignment across different 

models. Notably, the GPT-3.5 Turbo model exhibited the highest positive correlation (Pearson 
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r = 0.663), which suggests a strong congruence with human judgements; this is closely 

followed by the BLASER unsupervised model (r = 0.633) and the BLASER supervised model 

(r = 0.617). These findings underscore the potential of these models to approximate human-

like assessments in interpreting quality under the study conditions. 

Figure 4 

Correlation between human ratings and assessment across models and embeddings 

 

Models such as Wav2Vec Embeddings and TransQuest Mono HTER demonstrated significant 

negative correlations (r = −0.455 and r = −0.529, respectively), which indicates a divergence 

from human assessments. The most robust alignment was observed with the mean of text-

based models, which achieved the highest correlation of r = 0.742. This suggests that the 

assessments of text-based models’, when aggregated, are particularly effective at mirroring 

holistic human ratings. 
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To elucidate further the relationships and trends identified in the correlation analysis, scatter 

plot visualizations were employed. These plots provided a graphic representation of the data, 

illustrating the degree to which the scores from each model agreed with human judgements. 

The scatter plots highlighted the density and spread of the data points around the regression 

lines, visually substantiating the correlation coefficients. 

Figure 5 

Scatter plot of assessment results aligned with human ratings 
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For instance, the scatter plots for the GPT-3.5 Turbo, BLASER unsupervised, and BLASER 

supervised models indicated a close clustering of data points along the upward trending 

regression lines, which confirms their strong positive correlations with human ratings. This 

visual clustering indicates not only alignment with but also consistency in the models’ 

evaluations as compared to human assessments. In contrast, the scatter plots for the Wav2Vec 

Embeddings and TransQuest Mono HTER models reveal more dispersed data points and 

downward sloping regression lines, illustrating their negative correlations. These plots 

effectively underscore the extent to which these models diverge in their evaluation criteria 

from those typically employed by human judges. Furthermore, the visual analysis again 

highlights the exceptional performance of the mean of text-based models, with a densely 

packed cluster of data points closely hugging a steeply sloping regression line.  

5.4 Regression model analysis 

Ridge regression was implemented to deal with multicollinearity in the interpretation quality 

prediction models, particularly between the BLASER unsupervised and supervised metrics 

(r = 0.949). This regularization approach enabled the stabilization of regression coefficients 

while retaining all the potentially valuable predictors. An analysis of the Variance Inflation 

Factors (VIFs ranging from 14.65 to 17.51 for BLASER metrics) confirmed their multicollinearity, 

validating the methodological rationale for employing ridge regression in this context.  

Our analysis reveals that, despite testing various regularization strengths (λ) ranging from 0 to 

100, the optimal model remains the original unregularized multiple regression model (λ = 0) 

using three primary metrics: BLASER unsupervised, BLASER supervised, and monoTransQuest 

DA. This model achieves an R² of 0.6155 and an adjusted R² of 0.4713, which serves to explain 

a substantial portion of the variance in the human quality ratings. The regression equation –

Human Rating = 10.1953 + 281.7819 × BLASER unsupervised – 65.7357 × BLASER supervised + 

172.8500 × monoTransQuest DA – demonstrates the complex interplay between these metrics.  

When examining the effect of increasing regularization strength, we observe a classic bias–

variance trade-off. With mild regularization (λ = 0.01 to 0.1), coefficients begin to stabilize with 

minimal impact on predictive performance (R² decreases slightly to 0.6103). At moderate 

regularization levels (λ = 0.5 to 1), we see more substantial coefficient shrinkage, with the 

BLASER supervised coefficient becoming less negative (–19.5394 at λ = 0.5) and R² declining to 

0.5540. With strong regularization (λ ≥ 5), the coefficient for BLASER supervised actually 

becomes positive, which is consistent with its simple correlation with human ratings but at the 

cost of significantly reduced predictive power (R² = 0.5012 at λ = 5). 

Experimenting with different combinations of predictors reveals that while including 

additional metrics can increase the apparent model fit, it often results in overfitting. The “all 

text metrics” model, incorporating six text-based metrics, achieves the highest raw R² of 

0.7150 but a lower adjusted R² (0.3730) than the baseline three-metric model; this indicates 
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that the increased complexity does not justify the marginal improvement in fit. Similarly, the 

“audio + text metrics” model, which adds acoustic features, achieves an R² of 0.5868 and an 

adjusted R² of 0.3507; this demonstrates that audio features contribute some complementary 

information but not sufficient to surpass the simpler baseline model. 

The “all metrics” model with no regularisation achieves a perfect fit (R² = 1.000), which is an 

unambiguous sign of severe overfitting, given our small sample size. This model produces 

extreme coefficient values and exhibits complete instability, further emphasizing the need for 

either regularization or dimensionality reduction when working with many predictors on 

limited data. As regularization increases, the performance of this model declines rapidly, 

confirming that the apparent perfect fit was entirely artificial. 

6. Discussion 

6.1 Applicability of speech-to-speech metric and representation 

In responding to the first research question, the successful application of embeddings and the 

last hidden state from Wav2Vec, along with BLASER, to the assessment of SI provides empirical 

evidence that S2S embeddings and translation metrics can be used in the automatic 

assessment of information fidelity in SI. Notably, this process does not involve automatic 

transcription; instead, it assesses fidelity by directly comparing segments of source speech 

against segments of interpretations. 

Both our experiment and the study of the development of BLASER (Chen et al., 2023) used 

human scoring as a benchmark to test the applicability of these metrics, which allowed for a 

direct comparison of BLASER’s performance across different contexts. In the study of BLASER 

(Chen et al., 2023), which assessed speech segments from TED talks, the correlation with 

human judgement was 0.494 using the unsupervised model and 0.6059 with the supervised 

model in Mandarin–English translation assessment. In contrast, our study revealed even better 

correlations in the context of SI, scoring 0.62 with the supervised model and 0.63 with the 

unsupervised model. These results indicate that BLASER is better suited to dealing with the 

unique challenges of interpreting, capturing whether the information in the interpretations is 

both complete and accurate. 

Regarding the other two embeddings, their use in the assessment of translation quality or that 

of interpreting quality remains unexplored, which renders performance comparisons in these 

specific contexts challenging. This absence of empirical data complicates the evaluation of 

their full potential for interpreting quality assessment and their limitations in doing so. 

However, performance data from the last hidden state of HuBERT (Hsu et al., 2021) stand out, 

showing as they do a relatively strong correlation of 0.5. This significantly surpasses the 

performance of HuBERT’s general embeddings, which achieved a correlation of only 0.22. 
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The superior performance of the last hidden state may be attributed to several factors. First, 

the last hidden state in models such as HuBERT typically captures more abstract and high-level 

features of a speech signal that are crucial to understanding the overall context and meaning. 

These features are essential in interpreting quality assessment. In contrast, the general 

embeddings from HuBERT – being the output directly generated by the training process – are 

often more focused on capturing specific phonetic or acoustic features rather than on the 

holistic properties of the speech. These embeddings might be more suited to tasks such as 

speech recognition or speaker identification, where detailed acoustic information is more 

relevant than the broader context or the semantic content. 

In addition, it is noteworthy that both the last hidden state and the general embeddings 

produced by Wav2Vec (Baevski et al., 2020) show a negative correlation with human 

judgement in assessing interpreting quality. This unexpected result highlights a challenge in 

the application of automated S2S metrics for evaluating interpreting quality and indicates 

potential misalignments between what these technologies measure and what human raters 

perceive as quality interpreting. 

It has also been determined that LLMs such as GPT 4.0 are currently unable to assess 

interpreting quality directly from speech modality. According to responses from GPT, these 

models lack the capability to process audio files directly. GPT clarified that audio must first be 

transcribed into text before it can analyse and compare the content. Once transcribed, GPT 

can then evaluate and score the interpretation based on specified criteria. In addition, in 

response to the prompt, specialized AI models such as OpenAI’s Whisper, designed to 

transcribe and process speech directly, were recommended by OpenAI for integration into the 

ASR transcription and text-based assessment pipeline so as to facilitate a more streamlined 

evaluation process. 

6.2 Comparison between speech-to-speech assessment and text-based assessment 

In responding to the second research question, it was found that the most robust alignment 

with human scores occurred with the GPT model in text-based assessment, which scores 

achieve the highest correlation of r = 0.66. This is followed by BLASER’s supervised and 

unsupervised models, which record correlations of r = 0.62 and r = 0.63, respectively. Other 

models for text-based assessment, such as TransQuest and COMET, exhibit correlations around 

0.5, which is comparable to some speech-based results, such as the last hidden state from 

HuBERT. Overall, text-based assessments generally perform better than S2S assessments. This 

outcome is expected since the models used for textual assessments are specifically designed 

for translation quality assessment, whereas most speech-based models are primarily 

developed for ASR tasks. 

Compared to other studies assessing interpreting quality, Han and Lu’s (2021) research 

demonstrates slightly higher correlations with established metrics for consecutive interpreting, 
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such as BLEU (r = 0.670), NIST (r = 0.673), and a significantly higher correlation with METEOR 

(r = 0.882). In contrast, Wang & Wang’s (2024) study, which also focused on text-based 

assessment of consecutive interpreting, reports the highest correlation with sentence-level 

embeddings from MUSE (r = 0.55) (Yang et al., 2020), closely followed by GPT (r = 0.53), 

whereas TransQuest scores correlated at around 0.45 with human ratings.  

Given that both their research and ours use some of the same models to assess interpreting 

quality, the comparisons between these studies are particularly relevant. Our analysis 

indicates that LLM and TransQuest yield better performance in SI, possibly owing to the 

continuous and dynamic nature of this mode of interpreting. The real-time processing 

capabilities of LLMs may align more closely with the environment for SI, suggesting that the 

specific attributes of these models could be further explored to optimize quality assessments 

for different interpreting contexts.  

6.3 Performance of combined metrics 

In addressing Research Question 3 regarding the extent to which combined metrics from both 

S2S and text-based assessments enhance the accuracy and reliability of interpreting quality 

assessment over using either approach in isolation, we designed an experimental setup that 

incorporates a multimodal assessment strategy. This involved comparing the correlation 

coefficients between human judgements and each assessment method, both isolated and 

combined, to determine which method most closely aligns with human ratings. In addition, 

we developed a regression model to predict human scores using the machine-generated 

scores, further enhancing our understanding of how well the combined metrics perform in 

simulating human evaluative processes. 

In our discussion of the statistical results, the significance of the differences observed between 

the isolated and combined metrics approaches is evident. The R2 value for the regression 

model, which integrates the metrics for speech and text, stands at 47%. These initial results, 

indicative as they are of the potential of machine-generated scores to reflect human 

judgements, underscore the complexities involved in modelling the data on interpreting 

quality.  

Furthermore, the mean correlation for text-based assessments reaches as high as 0.74, 

significantly outperforming the mean correlation for S2S assessments, which is 0.54. This 

disparity highlights the challenges inherent in S2S assessments, possibly owing to the dynamic 

nature of spoken language, which may not be fully captured by current speech-processing 

technologies.  
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7. Conclusion 

This study has explored new methods of assessing information fidelity in SI by comparing S2S 

assessments and those combining automatic transcription and text-based evaluation. Through 

experiments that leveraged LLM, S2S representations and MTQE models, we measured the 

semantic similarity between segments of source speech and interpretations. The findings 

indicate that, whereas LLMs are not suited to direct speech-based quality assessment, they 

exhibit the highest correlation (r = 0.66) when used for text-based evaluation. BLASER’s 

supervised (r = 0.62) and unsupervised models (r = 0.63) also correlate moderately with 

human ratings, demonstrating that it is feasible to assess the information fidelity of SI directly 

from S2S. Moreover, a combined metric incorporating both S2S and text-based assessments 

explains approximately 47% of the variance in human judgement scores based on the 

aggregated machine scores. This underscores the potential of integrated metrics to enhance 

the development of machine-learning models for assessing interpreting quality. 

This use marks an advance in interpreting studies, one suggesting a new methodology for 

assessing the quality of interpreting without the need for extensive human intervention. By 

integrating both S2S and text-based metrics, this approach offers a more comprehensive 

assessment framework that could possibly reduce the biases and limitations inherent in using 

either metric alone. The hybrid approach also acknowledges the potential synergies between 

different types of assessment and investigates whether these combined metrics can offer a 

superior evaluation framework compared to using either method alone. This could be 

particularly relevant in scenarios where each type of metric captures different aspects of 

interpreting quality, possibly leading to a more comprehensive evaluation tool. As a result, it 

could contribute to the development of automated systems that are able to support real-time 

feedback and continuous improvement for interpreters.  

Moreover, these findings have implications for machine interpreting (MI) research and 

development. The validated assessment metrics could be directly applied to evaluate end-to-

end S2T and S2S MI systems, which would provide automated quality estimation capabilities 

for neural MI models. The demonstrated effectiveness of BLASER in direct speech assessment 

and LLMs for transcript-based evaluation offers practical tools for continuous quality 

monitoring during the training and deployment of computer-aided interpreting systems, which 

would ultimately advance the field towards more reliable and accurate MI solutions. 

Despite the significance of this research, the study might have the following limitations: first, 

the number of human ratings is limited: a small sample size of human scores could constrain 

the effectiveness of a regression analysis, particularly in complex models that require a large 

dataset for effective training without the risk of overfitting. The small datasets may also lead 

to a high level of variability in model performance, rendering it challenging to draw reliable 
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conclusions. Therefore, further research with larger datasets is essential to validate the 

findings more robustly. Secondly, LLMs are known to be highly sensitive to prompt phrasing, 

including variations in wording, punctuation, and formatting. In this study, only a two-prompt 

design was used for assessment, which may limit the generalizability and robustness of the 

results. Future work could explore multiple prompt formulations to examine their impact on 

output consistency and evaluation reliability. Thirdly, the experiment focused solely on the 

English–Mandarin language pair. Future research should be expanded to include a broader 

array of language pairs, particularly low-resourced languages, in order to verify the 

performance of S2S assessment across diverse contexts. Further exploration could also benefit 

from a systematic examination of different types of embedding in interpreting settings. By 

conducting controlled experiments that compare the efficacy of general embeddings versus 

last hidden state embeddings, researchers would be able to understand their respective 

strengths and limitations better. This would provide a more comprehensive understanding of 

the way different layers of neural network model contribute to the assessment of interpreting 

quality and help to refine these tools to enable them to assess automatically more accurately 

and reliably. 
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Appendix: Assessment criteria for simultaneous interpreting 

 

  

 Very Good 
(70–100) 

Good 
(60–69) 

Pass 
(50–59) 

Poor 
(40–49) 

Very Poor 
(0–39) 

Content: 
Completeness
  
• Overall 

message  
• Secondar

y data  
• Structure 

and links  
• Details 

and 
examples
  

  

All 
primary 
and the 
majority, 
if not all, 
of the 
secondary 
data 
retained. 
Links and 
structure 
accurate 
and easy 
to follow 
with a 
good 
range of 
detail.  
  

All the main 
ideas 
provided 
and 
complete. 
Secondary 
data 
generally 
present and 
well 
presented. 
Links and 
structure 
clear and 
easy to 
follow. 
Summarisin
g where 
necessary.  

Overall 
message 
present. 
Secondary 
ideas 
mostly 
present. 
Some links 
poorly 
formed but 
structure 
and main 
ideas intact. 
Some 
summarisin
g of data.  

One or two 
main ideas 
missing or 
incomplete. 
Lack of 
secondary data. 
Some links 
missing or not 
coherent 
meaning the 
rendition was 
not easy to 
follow.  

Main ideas and 
primary data 
missing. Severe 
lack of 
secondary data. 
Omissions 
throughout the 
performance.  

Content: 
Accuracy  
• Overall 

message  
• Secondar

y data  
• Omission  
• Distortio

n  
  

Overall 
message 
present 
with little 
to no 
distortion 
or 
omission. 
Primary 
and 
secondary 
data 
retained 
accurately
.  
  

Meaning 
and 
message 
conveyed 
accurately 
with only 
some minor 
distortions 
and 
omissions 
about 
secondary 
data.  
  

Evidence of 
ability to 
analyse 
source text. 
Minor 
distortions 
evident but 
overall 
message 
conveyed 
accurately. 
Omissions 
present but 
not 
underminin
g the main 
message.  

Lack of ability to 
analyse leading 
to major 
distortions 
and/or 
misinterpretatio
n of the global 
message or 
frequent 
distortions 
throughout the 
performance.  

Poor analytical 
skills and/or 
comprehension, 
leading to major 
distortions 
and/or 
misinterpretatio
n of the whole 
story. Poor 
structure and 
poorly linked 
ideas making 
the rendition 
difficult to 
follow.  
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i  BLASER, https://facebookresearch.github.io/stopes/docs/eval/blaser 
ii  Wav2vec, 

https://github.com/facebookresearch/fairseq/blob/main/examples/wav2vec/README.md 
iii  Hubert, https://github.com/facebookresearch/fairseq  
iv  Google’s ASR, https://cloud.google.com/speech-to-text  
v  TransQuest, 

https://github.com/mfomicheva/TransQuest/blob/master/docs/models/sentence_level_pretrain

ed.md 
vi  Comet, https://github.com/Unbabel/COMET 
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