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Abstract

In this report, we document WP5’s outcomes throughout the entire project. We reiterate a summary
of the output from RP1, and only describe in detail the output from RP2. At the end of the report,
we also reflect briefly on impact.
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1 Introduction

WP5 is focused on developing reliable and trustworthy underlying ML components for the core
language technologies developed within UTTER. These components account for three themes:

• Uncertainty representation and estimation techniques for confidence-aware, self-critical AI
assistants;
• Methods for explanation and attribution generation across domains and applications;
• Strategies to enhance robustness to noisy input.

These correspond to our three tasks, respectively, which we cover in detail in sections 2, 3, and 4.

Summary of Output

Manuscripts: 41 manuscripts (20 in RP1, and 21 in RP2); in RP2 we produced 10 confer-
ence papers (*ACL, EMNLP, COLM, AISTATS), 3 findings papers (*ACL and EMNLP), 2
workshop papers (UncertaiNLP), 2 journal articles (TACL), 4 preprints.
See Tables 1, 2, and 3 for outputs from each task.

Events:

• The First Workshop on Uncertainty-Aware NLP (collocated with EACL 2024, in RP1);
Vázquez et al. (2024).

• The Second Workshop on Uncertainty-Aware NLP (collocated with EMNLP 2025)
https://uncertainlp.github.io
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Period Venue Paper Code

RP1 EACL Baan et al. (2024) NA
EACL Ilia and Aziz (2024a) https://github.com/evgeniael/

predict next word
EMNLP Giulianelli et al. (2023) https://github.com/dmg-illc/nlg-

uncertainty-probes
UncertaiNLP Eikema (2024) NA
EACL Waldendorf et al. (2024) NA
NAACL Wang et al. (2024b) https://github.com/weixuan-

wang123/MONITOR
ACL Wang et al. (2024a) https://github.com/weixuan-

wang123/ReMaKE
EMNLP Zerva et al. (2022) https://github.com/deep-spin/

uncertainties MT eval
EACL Findings Ulmer et al. (2024) https://github.com/Kaleidophon/non-

exchangeable-conformal-language-
generation

ICLR Farinhas et al. (2024) https://github.com/deep-spin/non-
exchangeable-crc

RP2 EMNLP Eikema et al. (2025b) https://github.com/roxot/structure-
conditional-mbr

COLM Troshin et al. (2025a) https://github.com/serjtroshin/
selective sampling

UncertaiNLP Troshin et al. (2025b) NA
UncertaiNLP Groot et al. (2025) https://github.com/tgroot56/

Learning-to-vary-Teaching-LMs-
to-reproduce-human-linguistic-
variability-in-next-word-prediction

TACL Campos et al. (2024) NA
ACL Findings Gomes et al. (2025) https://github.com/gecgomes/

Conformal CLIPScore
Preprint Ilia and Aziz (2024b) https://github.com/evgeniael/probar

Table 1: Research outputs (manuscripts and code) from T5.1
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Period Venue Paper Code

RP1 XAI4CV Workshop Nalmpantis et al. (2023) https://github.com/AngelosNal/
Vision-DiffMask

ACL Treviso et al. (2023) https://github.com/deep-spin/crest/
ACL Moghe et al. (2023) NA
ACL Rei et al. (2023) https://github.com/Unbabel/COMET/

tree/explainable-metrics
TACL Guerreiro et al. (2024) https://github.com/Unbabel/COMET/

RP2 Preprint Wang et al. (2024c) NA
ACL Wang et al. (2025) https://github.com/weixuan-

wang123/INCLINE
Preprint Eikema et al. (2025a) NA
AISTATS Campos et al. (2025) https://github.com/deep-spin/sparse-

activations-cp
COLING Cilleruelo et al. (2025a) https://github.com/ilyocoris/

generics are puzzling
EMNLP Findings Treviso et al. (2024) http://huggingface.co/sardinelab/

xTower13B
ACL Zaranis et al. (2025) NA
ACL Fucci et al. (2025) https://github.com/hlt-mt/speech-

translation-gender
NAACL Mire et al. (2025) https://github.com/joel-mire/rm-

dialect-biases

Table 2: Research outputs (manuscripts and code) from T5.2
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Period Venue Paper Code

RP1 EACL Guerreiro et al. (2023d) https://github.com/deep-spin/
hallucinations-in-nmt

ACL Guerreiro et al. (2023b) https://github.com/deep-spin/ot-
hallucination-detection

TACL Guerreiro et al. (2023a) https://github.com/deep-spin/
lmt hallucinations

EMNLP Farinhas et al. (2023) https://github.com/deep-spin/
translation-hypothesis-ensembling

EAMT Glushkova et al. (2023) https://github.com/deep-spin/
robust MT evaluation

RP2 EMNLP Ranaldi et al. (2025) No
EMNLP Ranaldi et al. (2024) No
ACL Findings Zhu et al. (2024b) https://github.com/NJUNLP/QAlign
Preprint Zhu et al. (2024a) NA
TACL Peters and Martins (2025) NA

Table 3: Research outputs (manuscripts and code) from T5.3
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2 Task 5.1: Uncertainty-aware generation and conversational QE (UVA*,
IT, UEDIN, UNB)

Proposal

The key highlights from the proposal are listed below.

5.1a uncertainty-awareness: UTTER’s systems should be “aware” of their own limitations
(e.g., in order to adequately handle ambiguous or out-of-domain inputs).

5.1b interpretable uncertainty: for smooth interactions with system users, we will develop
and test methods to express uncertainty in a human-readable and verifiable fashion.

Summary of completed work

The original plan was to work on this task from the beginning of the project till month 24, but,
given the increased relevance of uncertainty-awareness and conversational tools to contemporary
literature and efforts, we have extended this task to month 36. We document further progress along
the two dimensions above (i.e., uncertainty-awareness and interpretable uncertainty).

As in RP1, our contributions to this task are organised under 4 sub-themes: statistical evaluation
of text generators (5.1a), improved text generation (5.1a), assessing and editing the parametric
knowledge of language models (5.1a), and interpretable uncertainty quantification (5.1b). We
contributed methodology, data, software and empirical observations that advance the state-of-the-
art.

2.1 Statistical Evaluation of Text Generators

Natural language generators are built upon probabilistic models which inherently pack a highly
structured representation of uncertainty about responses given a prompt. Our work in this di-
mension of T5.1a was developed in RP1. We contributed to theoretical understanding and to the
practical evaluation of text generators in settings of high human production variability (e.g., due to
input ambiguity or under-specification), as it is commonly the case in NLG. The following three
outputs were summarised in D5.1, together they’ve gathered nearly 100 citations, with the last one
responsible for about half of them:

• Interpreting Predictive Probabilities: Model Confidence or Human Label Variation? (Baan
et al., 2024, see D5.1, Section 2.1.1).

• Predict the Next Word: ⟨Humans exhibit uncertainty in this task and language models ⟩

(Ilia and Aziz, 2024a, see D5.1, Section 2.1.2).

• What Comes Next? Evaluating Uncertainty in Neural Text Generators Against Human Pro-
duction Variability (Giulianelli et al., 2023, see D5.1, Section 2.1.3).
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2.2 Improved Text Generation

Text generation is performed by combining a probabilistic model of responses given a prompt,
and a decision rule (or decoder), that is, an algorithm that explores the probability distribution and
elects an output to show to the user. In RP1, we contributed to a better understanding of failure
modes of main stream text generation algorithms and introduced novel algorithms for machine
translation. The following two outputs were summarised in D5.1; to date, they have gathered
about 20 citations (mostly due to the second output):

• The Effect of Generalisation on the Inadequacy of the Mode (Eikema, 2024, see D5.1, Sec-
tion 2.2.1).

• Contrastive Decoding Reduces Hallucinations in Large Multilingual Machine Translation
Models (Waldendorf et al., 2024, see D5.1, Section 2.2.2).

We continued to work in this dimension of T5.1a throughout RP2 and contributed novel decoding
algorithms aiming at a) supporting open-ended text generation applications (§2.2.1), b) obtain-
ing diverse responses (§2.2.2 and §2.2.3), and c) learning to better predict token-level variability
(§2.2.4).

2.2.1 Structure-Conditional Minimum Bayes Risk Decoding

Minimum Bayes risk (MBR) decoding has emerged as a robust alternative to maximum likeli-
hood–based generation strategies, showing consistent gains performance in neural machine trans-
lation. However, in open-ended tasks such as dialogue and instruction following, outcome spaces
of generations may contain considerably more latent structure, potentially expressed in multiple
clusters of similar outcomes. Using similarity-based utility functions, as is standard in machine
translation, may result in the decoding algorithm compromising between clusters, potentially lead-
ing to suboptimal generations.

Data and models. We construct three datasets of outcome spaces with controlled structural vari-
ation, each covering a representative type of latent structure: dialogue acts, emotions, and response
structure (i.e. brief responses, full paragraphs, lists and tables). For each context, we generate 25
responses per structure category, yielding 3,000 outcome spaces with a total of 350k candidate
generations. For evaluation on real-world tasks, we additionally use AlpacaEval (Dubois et al.,
2024) and MT-Bench (Bai et al., 2024), with unbiased candidate samples generated from OLMo2
13B (Walsh et al., 2025). Experimental code and the structural variation dataset are released at
https://github.com/roxot/structure-conditional-mbr.

Methodology. To increase the sensitivity of MBR to structural variation, in Eikema et al. (2025b)
we introduce structure-conditional MBR, a set of lightweight adaptations to MBR utilities designed
to increase sensitivity to structural variation in the outcomes. We propose two new evaluation met-
rics, cluster optimality and cluster-optimal rank correlation, to assess whether MBR solutions
respect latent structure, using our structural variation dataset as evaluation setup.
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Question: Yara qualified for a spot on the soccer team ... and a water bottle for ¥3. How much did she spend on athletic gear?

Answer: 115

CoT Continuation: Yara bought a jersey for ¥24. The leggings cost ¥13 more than the jersey… So the cleats cost __

20 30 1 … the 50 6

Vocabulary

Probability

0

1

Greedy  : … So the cleats cost 20. The headbands cost ¥11 and she got a ¥1 discount … The 

final answer is 115

Non-Greedy : … So the cleats cost 30 - 20 = 10. The headbands cost ¥11 and she got a ¥1 

discount …The final answer is 105

0.5

Figure 1: High sampling risk example for the current decoding position. CoT Continuation is gen-
erated by greedy decoding. Greedy continuation 20 results in a correct answer while non-greedy
continuation 30 leads to an incorrect answer.

Findings. Our analysis reveals that standard utilities such as BLEURT and BERTScore achieve
cluster-optimality in fewer than half of the cases, highlighting the need for structural adaptation.
We propose three simple methods to adapt utility functions and show substantially improvements
in structural sensitivity, with gains of over 30 percentage points in cluster-optimality. Applied to
real-world benchmarks (AlpacaEval, MT-Bench), these approaches yield improvements of up to
13.7 percentage points in win rate against GPT-4o, demonstrating that structure-aware decoding
improves both theoretical optimality and practical generation quality.

This work is reported in Eikema et al. (2025b).

2.2.2 Control the Temperature: Selective Sampling for Diverse and High-Quality LLM
Outputs

Temperature-based sampling is a common strategy for increasing diversity of large language model
outputs. We demonstrate that, for tasks that require high precision, e.g., mathematical reasoning,
uncontrolled high temperature sampling, e.g., min-p or top-p, degrades reasoning quality. We build
a controlled approach that avoids this problem, leading to a better diversity/quality trade-off.

While arithmetic tasks are not an explicit focus of UTTER, they appear as instances of questions
and answers in interactive assistant scenarios, e.g., the how many questions in ELITR-Bench.

Data and models. Following common practice in the area, we evaluate on commonly used
mathematical reasoning benchmarks:

• GSM8K (Cobbe et al., 2021): A grade school math problem-solving benchmark.

• GSM-Symbolic (Mirzadeh et al., 2025): An extended variant of GSM8K with symbolic
templates, designed to provide a more reliable assessment of reasoning ability.

• Minerva MATH (Hendrycks et al., 2021): A dataset of competition-level mathematical
problems. We conduct experiments on the PreAlgebra subset.

Methodology. Motivated by the concept of regret in reinforcement learning, we define sampling
risk as a measure of the price paid in accuracy if choosing to sample (explore) instead of to decode
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Figure 2: Selective sampling with our classifier improves the diversity-quality trade-off compared to
the strong min−p truncation baseline. On the x-axis, we report the accuracy, and on x-axis, we report
the Diversity over correct samples. Size and color of the circles mark the temperature parameter.

the next greedy token (exploit) in a given prefix context x:

s-risk(x) := R(x) − Ev∼p [R ([x, v])] , (1)

where [x, v] denotes the concatenation of the current prefix with a sampled next token, and R(x)
is the reward obtained by continuing from x with only greedy tokens until the stopping criteria is
met. (For arithmetic tasks, R is a binary evaluation of the final answer.)

We then train a classifier to run alongside the LLM decoding and to estimate the sampling risk at
the current context. At deployment, we use the output of this classifier to decide whether a context
is safe for exploration, or if greedy exploitation is preferable.

Findings. As shown in Figure 2, our selective sampling approach outperforms the state-of-the-
art top-p sampling strategy in terms of the diversity-quality trade-off: quality remains high when
diversity is not needed, and degrades substantially less when temperature is increased.

We believe that this pilot study can impact the researrch and practice of controllable language
generation for trustworthy assistants, since sampling accurate decoding paths is necessary in order
to get sufficient candidates from which to identify ones that conform to the generation constraints.

This work is reported in Troshin et al. (2025a).

2.2.3 Asking a Language Model for Diverse Responses

Large language models increasingly rely on explicit reasoning chains and can produce multiple
plausible responses for a given context. We study the candidate sampler that produces the set of
plausible responses contrasting the ancestral (parallel) sampling against two alternatives: enumer-
ation, which asks the model to produce n candidates in one pass, and iterative sampling, which
proposes candidates sequentially while conditioning on the currently generated response set.

Data and models. Output diversity can lead to a deterioration in quality, but quality is generally
hard to quantify. We therefore focus on simple math problem solving on GSM8K (Cobbe et al.,
2021) math problems, where there is a unique correct answer that can be exactly verified. We
evaluate the the Qwen3 family of models (Yang et al., 2025), chosen for their high reasoning per-
formance, diverse range of model sizes. In our preliminary investigation, we observe that Qwen3
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60% of the boxes are full of books and 40% are empty. If there are 240 empty boxes, how many boxes are full?

Solution 1 

Lexical Diversity (2-grams)

Unique 2-grams: 66
Total 2-grams: 84 66/84 = 0.79

Let x x = total boxes boxes x …

Computational Flow Diversity
240 / 0.4 = 600

Unique steps: 4  
Total steps: 6 4/6 = 0.67

…

Solution 2 Solution 3 

Computational Flow 1 

240 / 0.4 = 600

0.6 × 600 = 360

Computational Flow 2 

240 / 0.4 = 600

0.6 × 600 = 360

Computational Flow 3 

240 / (2/5) = 600

(3/5) × 600 = 280

Answer Diversity

Let x = total boxes 
x = 240 / 0.4 = 600  
Full boxes = 60% of 600 = 0.6 × 600 = 360

Let the total number of boxes be x.
240 empty boxes represent 40% of x, so x = 240 / 
0.4 = 600 
The remaining 60% are full, giving 0.6 × 600 = 360

Let’s express 40% as the fraction 2/5. 
Then x = 240 / (2/5) = 600. 
Full boxes are 60%, of the total: (3/5) × 
600 = 280

360 360 280
n distinct answers: 2;

Figure 3: Example of a math problem with three responses, their computation flows, and the resulting
metrics: lexical, computational flow and answer diversity.

models are able to follow our zero-shot instructions, and they show high accuracy in following
the required output format. For our experiments, we use Qwen3-{4B,8B,14B} models with think-
ing generation mode on; and we use Qwen3-4B-{Instruct/Thinking}-2507 released solely for
non-thinking/thinking use-cases.

Methodology. In contrast to more conventional studies on diversity in generation, Ippolito et al.
(2019), in this work, we take a substantially different approach and ask whether we can use the
standard LLM generation pipelines to enable efficient non-independent sampling, by processing
multiple candidates at the same time.

In particular, we are interested in a candidate sampler that:

(i) produces high-quality samples;

(ii) promotes response diversity;

(iii) scales efficiently as the number of responses increases;

(iv) is simple to use and relies on standard LLM decoding primitives.

We compare the commonly used parallel sampling strategy (ancestral sampling) with two alternat-
ive sampling strategies, which we define as enumeration and iterative approaches, and study them
from the perspective of quality, diversity, and efficiency. Under matched budgets, we compare par-
allel, enumeration, and iteration samplers on quality, lexical and computation flow diversity, and
efficiency (see Figure 3).

Findings. Our empirical results demonstrate that enumeration and iterative strategies result
in higher diversity at comparable quality. Our findings highlight the potential of simple non-
independent sampling strategies to improve response diversity without sacrificing generation qual-
ity.

This work is described in (Troshin et al., 2025b).

2.2.4 Learning to vary: Teaching LMs to reproduce human linguistic variability in next-
word prediction

Natural language generation (NLG) tasks are often subject to inherent variability; e.g. predicting
the next word given a context has multiple valid responses. While having language models (LMs)

page 15 of 48



UTTER HORIZON-CL4-2021-HUMAN-01-13 D20/D5.2

that are aligned pluralistically, so that they are able to reproduce well the inherent diversity in
perspectives of an entire population of interest is clearly beneficial, previous work shows that LMs
do not reproduce this type of linguistic variability well. They speculate this inability might stem
from the lack of consistent training of LMs with data reflecting this type of inherent variability. As
such, we investigate whether training LMs on multiple plausible word continuations per context
can improve their ability to reproduce human linguistic variability for next-word prediction.

Data and models. In our experiments, we use pre-trained GPT-2 (124M; Radford et al. (2019))
and instruction-tuned Mistral-7B-Instruct-v0.3 (7.25B; Jiang et al. (2023)) , which we refer to as
Mistral-7B-IT. Both models are fine-tuned using Provo Corpus (Luke and Christianson, 2018),
which contains 55 text passages (2687 total contexts). Each prefix is annotated with an average of
40 human annotations predicting the word following it.

Methodology. We employ techniques to fine-tune pre-trained LMs and instruction-tuned LMs.
For the former, we alter the training signal, and for the latter we exploit a training data aug-
mentation method to ensure that variability is observed. We employ these fine-tuning techniques
for GPT-2 (Radford et al., 2019), a pre-trained model, and Mistral-7B-IT (Jiang et al., 2023), an
instruction-tuned model.

Findings. When evaluating, by measuring divergence among empirically estimated human and
model next-word distributions across contexts, before and after fine-tuning, we find that fine-tuning
with multiple labels per instance improves those LMs’ ability to reproduce linguistic variability,
across contexts of varying open-endedness. With additional analysis and ablations, we measure
performance when varying the number of training labels per instance, and we compare to models
trained using majority labels. Moreover, with a preliminary analysis we measure the trade-off in
performance in tasks that admit no plausible variability. For that, we handcraft a small evaluation
dataset using a knowledge-based question answering dataset.

This work is reported in Groot et al. (2025).

2.3 Assessing and Editing What Models ‘Know’

Because LLMs are unlike a typical data base, if they store any facts observed during pretraining,
these ought to be stored in the LLM’s parametric memory. Storage and retrieval of these facts are
trainable parametric mechanisms that remain mostly opaque to practitioners and researchers alike.
Our work in this dimension of T5.1a was developed in RP1. We contributed methods for assessing
and maintaining the parametric knowledge of LMs. The following two outputs were summarised
in D5.1; to date, they have gathered over 50 citations (mostly due to the second output):

• Assessing the Reliability of Large Language Model Knowledge (Wang et al., 2024b, see
D5.1, Section 2.3.1).1

• Retrieval-augmented Multilingual Knowledge Editing (Wang et al., 2024a, see D5.1, Section
2.3.2).2

1 First appeared in RP1, in preprint (Wang et al., 2023b).
2 First appeared in RP1, in preprint (Wang et al., 2023a).
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2.4 Interpretable Uncertainty Quantification

Uncertainty is typically represented by a probability distribution, with probability functioning as a
mechanism to order events from most to least uncertain. Probability is, however, not always easy
for humans to interpret, and this is also true for other summaries of uncertainty based on probabil-
ity (e.g., entropy). In RP1, we contributed towards more human interpretable forms of uncertainty
quantification by disentangling uncertainty representations along aleatoric and epistemic dimen-
sions, and by creating so-called (conformal) prediction sets. These contributions advance sub-goal
5.1b (interpretable uncertainty). The following three outputs were summarised in D5.1; to date,
they have gathered more than 50 citations:

• Disentangling Uncertainty in Machine Translation Evaluation (Zerva et al., 2022, see D5.1,
Section 2.4.1).

• Non-Exchangeable Conformal Language Generation with Nearest Neighbours (Ulmer et al.,
2024, see D5.1, Section 2.4.2).

• Non-Exchangeable Conformal Risk Control (Farinhas et al., 2024, see D5.1, Section 2.4.3).

We continued to work in this dimension of T5.1 throughout RP2, we continued to contribute to the
theory and applications of conformal prediction in NLP (§2.4.1 and §2.4.2), and also continued
to contribute techniques towards more human interpretable forms of uncertainty quantification
(§2.4.3).

2.4.1 Conformal Prediction for Natural Language Processing: A Survey

Acknowledging the rising importance of calibration of language model outputs and uncertainty
metrics, we review the growing body of work on conformal prediction (CP) and its diverse applic-
ations in natural language processing. We describe the main families of approaches, including split
conformal prediction, Mondrian CP, cross-conformal prediction, Venn–Abers predictors, and con-
formal risk control (CRC). We note that language modelling is a challenging task to apply CP to,
due to the sequential model of language generation, which breaks the exchangeability assumption
that underpins the statistical guarantees of CP and CRC. We thus further discuss extensions that
relax exchangeability assumptions, enable conditional coverage, or improve uncertainty calibra-
tion, and highlight how these methods can be integrated into NLP pipelines to produce statistically
valid prediction sets without requiring retraining of the underlying models.

We then examine applications of CP across several areas of NLP. For text classification and se-
quence tagging, CP has been shown to provide calibrated prediction sets and robustness in both
binary and multilabel tasks. In natural language generation tasks such as machine translation and
summarization, CP supports prediction sets that capture multiple valid outputs and help obtain
better representations of uncertainty. CP has also been used to improve efficiency by enabling safe
early exiting during decoding, pruning intermediate outputs while preserving coverage guaran-
tees. Finally, we review work that leverages CP for uncertainty-aware evaluation, where calibrated
prediction intervals provide a more principled assessment of model reliability.

We identify several open challenges for CP in NLP. These include designing prediction sets that
are usable and informative in interactive systems, distinguishing between model uncertainty and
genuine human label variation in tasks with multiple correct answers, and ensuring fairness by
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maintaining equal coverage across population groups. We also point to the difficulty of calibrating
CP methods with limited or imbalanced data, and to the need for deeper integration of CP into
uncertainty-aware evaluation frameworks. Together, these observations establish CP as a prom-
ising and still developing methodology for trustworthy and user-aligned NLP applications and
language models.

This work is reported in Campos et al. (2024).

2.4.2 A Conformal Risk Control Framework for Granular Word Assessment and Uncer-
tainty Calibration of CLIPScore Quality Estimates

Beyond quantifying uncertainty, it is key to develop evaluation methods that are not only accurate
but also trustworthy, particularly by quantifying uncertainty in ways that can guide user decisions.
We explore this direction, focusing on vision-language models and the image-captioning use-case,
which have seen rapid developments lately. Existing image captioning evaluation metrics, such
as CLIPScore, provide global quality estimates but lack the ability to identify specific word-level
errors and to produce calibrated confidence intervals. This limits their interpretability and reli-
ability in downstream applications where users need fine-grained feedback and well-calibrated
uncertainty estimates.
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Figure 4: General overview of the proposed approach, using conformal risk control over CLIPScore
values for two particular applications, namely the detection of foil words and the production of calibrated
CLIPScore intervals.

Method. To address these limitations, we proposed a conformal risk control framework that
augments CLIPScore with granular word-level assessment and uncertainty calibration, as shown
in Figure 4. Our approach is model-agnostic and relies on stochastic attention mask sampling
over CLIP encoders to generate score distributions and thus provide a flexible proxy to uncer-
tainty estimation. To detect potentially erroneous words, we employ the same idea of stochastic
mask sampling, to generate a score for each word, representing the score variance for each word,
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based on the underlying assumption that quality scores will diverge more when masking erroneous
words. To calibrate the detection of such words with respect to different performance metrics (e.g.,
false positive rate), we integrate these word-level scores into a conformal risk control framework,
to determine “foil” word thresholds that satisfy user-decided performance levels. We the proceed
to employ conformal risk control to calibrate the confidence scores estimated over full captions,
aiming to provide statistical guarantees on a risk function tailored to evaluation, namely the Un-
certainty Pearson Score (UPS; Glushkova et al. (2021)), which measures the correlation between
prediction errors and the estimated uncertainties.

Findings. We evaluated our method on FOIL-it (Shekhar et al., 2017), FOIL-nocaps (Petryk
et al., 2024), and Rich-HF (Liang et al., 2024), covering both multi-class and multi-label error
detection. Across datasets, we found that our framework detects foil words effectively, improves
the correlation between uncertainty estimates and prediction errors, and enhances the reliability of
CLIPScore as a quality metric. These findings demonstrate that conformal prediction can provide
a principled path towards uncertainty-aware and interpretable evaluation, directly advancing UT-
TER’s goal of building user-aligned and reliable assessment tools for multimodal generation.

This work is reported in Gomes et al. (2025).

2.4.3 Revisiting the role of Variability in Uncertainty Quantification

A fruit. It is a
fruit.

A romantic
appointment.

Meeting someone
romantically.

A kitchen
utensil.

Question: ‘What is a date?’

Response

P(Response|Question)

Meaning

P(Meaning|Question)

P(Adequacy|Question)

{fruit}  {romantic appointment}  {utensil}

Adequacy{Adequate} {Inadequate}

Figure 5: Bottom: samples drawn
from an LLM, given a question; the
model exhibits high entropy over surface
forms, but some responses are semantic-
ally equivalent. Middle: responses are
clustered by meaning); while this rep-
resentation still exhibits high semantic
entropy, probability concentrates on an-
swers wrt different but plausible interpret-
ations of the question. Top: responses
are grouped as a function of their ad-
equacy to the prompt, as we propose;
now it is clear that, however semantically
diverse, responses are mostly adequate
to the prompt—we regard the probability
of adequate responses as an expression
of the model’s reliability.

With the broader use of language models (LMs) comes
the need to estimate their ability to respond reliably to
prompts. Uncertainty quantifiers (notions of confidence
and entropy, i.a.) can be used to reject generated re-
sponses that are likely to be incorrect (i.e., selective pre-
diction). The widely used semantic entropy (Kuhn et al.,
2022) regards semantic variation amongst sampled re-
sponses as an indicator that an LM is likely to err. We
argue that semantic homogeneity need not imply cor-
rectness, whereas semantic variability need not imply
error—with the latter being especially intuitive in open-
ended settings, where prompts elicit multiple adequate
but semantically distinct responses (Giulianelli et al.,
2023). To accommodate this more general setting, rather
than judging a model’s reliability by its confusion among
semantically distinct responses, we propose to annotate
sampled responses for their adequacy to the prompt, as
judged by an external reward model. We then estimate
the Probability the model assigns to Adequate Responses
(ProbAR) and regard that as an indicator of the model’s
reliability when responding to a given prompt; see Fig-
ure 5. We show ProbAR’s potential as a viable alternat-
ive to variation-based quantifiers by evaluating (manually
and automatically) ProbAR, implemented using Mistral
models, in selective prediction, for QA and next word
prediction.
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Data and models. We test ProbAR using Abg-COQA (Guo et al., 2021), a reading comprehen-
sion QA (RCQA) dataset with ambiguous and unambiguous questions: 994 context-ambiguous
question pairs (741, 130, 123 in training, development and test sets, resp.) and 1894 non-ambiguous
prompts (962 and 932 in development and test sets, resp.). In the paper, we also report experiments
on AmbigQA (Min et al., 2020), which is a knowledge based QA (KBQA) dataset and on Provo
Corpus (Luke and Christianson, 2018), a dataset for next-word prediction in English. We generate
responses from OPT (2.7b, 6.7b, 13b and 30b; Zhang et al. (2022)) and Mistral instruction-tuned
models (7B-Instruct-v0.2, Nemo-Instruct-2407, Small-Instruct-2409; referred to as
Mistral 7b, 12b and 22b resp.; Mistral (2024)). For each prompt, we obtain 10 unbiased samples
for uncertainty quantification.

Method. For each task, ProbAR requires an adequacy classifier, which we designed by prompt-
ing Mistral12b (or Mistral22b and Mistral12b, in different experiments). In all cases, we prompt
an LLM to perform adequacy judgments; in experiments we compare that to an upperbound where
these judgements are performed by a human annotator, for a small subset of the Abg-COQA
prompts. For Abg-COQA, we have an LM perform adequacy judgements, with the passage and a
question-answer pair provided as context and the LM prompted to generate true if the answer to
the question is plausible given the passage, or false if not. For AmbigQA, we prompt an LM to
generate true if a response is adequate given the question with respect to the LM’s own training
data. For NWP, we prompt an LM to generate true if a response is plausible given the context and
false otherwise. We experiment with using Mistral12b, Mistral22b and Mistral12b for adequacy
classification in Abg-COQA, AmbigQA and Provo resp., and also experimented with using the
same LLM generator as a classifier (prompting it to perform adequacy classification, that is). As
baselines for comparison, we employ Shannon entropy (E), estimated via MC, semantic entropy
(SE), including their versions normalised to account for the size of the observed outcome space for
each prompt, and a variant of P(True) (Kadavath et al., 2022) which estimates the confidence of
a response (i.e. greedy) by prompting for adequacy (instead of correctness) and assessing the as-
sociated token’s probability (P(Adequate). We evaluate the models on AUROC: for the QA tasks,
we obtain the greedy decoding and regard that as the LM’s prediction, as typically done for QA
(Kuhn et al., 2022). For NWP, we choose (at random) one of the sampled responses and regard that
as the LM’s prediction. AUROC requires a notion of correctness by which to criticise the LM’s
prediction; for QA tasks, we follow Lin et al. (2024) and let gpt3.5-turbo (via the OpenAI API)
determine if the LM prediction is correct against the multiple references from the QA datasets;
for Provo Corpus, we regard the LM prediction as correct if it exactly matches one of the prefix’s
reference answers.3

Findings. In Figure 6, we concentrate on the subset of AbcCOQA for which we obtained manual
labels (for semantic clusters in SE, adequacy judgements in ProbAR, and the correctness of greedy
responses in the evaluation protocol). In all plots, we observe AUROC values for different UQs
across OPT model sizes, with SE’s and ProbAR’s internal decisions replaced by human judgement.
On the left, AUROCs are computed using hand-labelled assessments for the greedy responses’ cor-
rectness, hence we observe results in a setting free of errors in the evaluation protocol. ProbAR (M)
and Norm.SE(M) represent the ‘upper-bounds’ for SE and ProbAR, respectively, computed using

3 For this project, UTTER (UVA) purchased OpenAI API credits for evaluation; the complete evaluation costs were
under 50 EUR in credits. Training and evaluation performed by open models were done at UVA clusters, with no
extra costs to the project.
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Figure 6: AUROC values for AbgCOQA’s 50 manually annotated contexts. Left: AUROC is computed
using manual correctness annotations for the greedy; middle and left: greedy’s correctness was auto-
mated using gpt3.5-turbo and thresholded Rouge-L resp., where the latter criterion errs more often.

the manual adequacy and semantic equivalence annotations. ProbAR outperforms all baselines,
both its upperbound ProbAR (M) and its practical implementation ProbAR (LM). Beyond the fact
that ProbAR (M) surpassed Norm.SE(M) for all OPT models by a large margin, it is noteworthy
that ProbAR (LM) surpassed Norm.SE(M). On the middle and right plots, we see the results for
the same subset, but using gpt3.5-turbo and RougeL resp. to automate the evaluation protocol
(i.e., assess correctness of the greedy responses). We can see that errors in evaluation have a greater
impact on more informative quantifiers (i.e., with higher AUROC values), with the impact grow-
ing when the automated algorithm used has higher error rates (F1 for gpt3.5-turbo around 0.9
and for RougeL 0.8. Better quantifiers get negatively impacted by misclassifications of plausible
decodings they accept with high confidence, while worse uncertainty quantifiers, which wrongly
abstain from answering, dodge these errors. In the paper, we show in a large scale automated
evaluation that these findings generalise across the three tested task/datasets.

To conclude, we demonstrated how semantic variation (or lack of) need not robustly predict
propensity for error (or correctness), and how ProbAR better informs us whether the model can
reliably respond to a prompt, regardless of the prompt’s open-endedness.

This work is described in Ilia and Aziz (2024b).

3 Task T5.2: Explainability (UVA*, IT)

Proposal

The key highlights from the proposal are listed below.

5.2a explaining predictions: trustworthy language technology should provide correct attribu-
tions and explanations of their output (e.g., meeting assistant should provide pointers into
specific timestamps or quotes from the meeting to justify action items).

5.2b transparent evaluation: besides explaining predictions of a trained model, we will adapt
models of quality estimation and machine translation evaluation making them more easily
amenable to human interpretation.
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Summary of completed work

In the original plan, this task was scheduled to begin from month 12 and extend until the end of the
project. We decided to schedule it earlier, already from the beginning of the project, and it extended
till the project’s end. Our contributions are organised under 2 themes: explaining predictions (5.2a)
and transparent evaluation (5.2b).

3.1 Explaining Predictions

Explaining predictions of a trained model is often done, amongst other things, in terms of attribu-
tion methods (such as input or data attribution), causal and counterfactual interventions, analysis of
training dynamics and/or inference-time activations, natural language explanations, and sparsity.
In RP1, we contributed to faithful input attribution in Transformers encoders and to explaining and
improving text generation. The following two outputs were summarised in D5.1; to date, they have
gathered about 30 citations (mostly due to the second output):

• Vision DiffMask: Interpretability of Computer Vision models with Differentiable Patch
Masking (Nalmpantis et al., 2023, see D5.1, Section 3.1.1).

• A Joint Framework for Rationalization and Counterfactual Text Generation (Treviso et al.,
2023, see D5.1, Section 3.1.2).

We continued to work in this dimension of T5.2 throughout RP2 and continued to contribute to
explainability of Transformer models but now with a focus on multilingual LLMs (§3.1.1 and
§3.1.2), verbalising an LM’s confidence in a generated response (§3.1.3) and sparsity-driven inter-
pretability in conformal prediction (§3.1.4).

3.1.1 Sharing matters: Analysing neurons across languages and tasks in LLMs

LLMs exhibit strong performance across languages and tasks but remain difficult to interpret, par-
ticularly in multilingual settings. Prior work has mainly examined neuron behavior in monolingual
contexts, leaving open the question of how neurons are shared or specialized across languages and
tasks. In Wang et al. (2024c), we address this gap by analyzing the extent to which neurons are
activated similarly or differently when processing multilingual input, with the aim of improving
model explainability.

Data and Models. We evaluate five open-source multilingual transformer models (BLOOMZ-
7b, BLOOM-7b, LLaMA2-7b-chat, XGLM, and mT0) multilingually on natural language infer-
ence (XNLI), fact probing, and cross-lingual knowledge editing. Using translated datasets to en-
sure comparability across languages, the tasks are applied across ten languages: English (en),
German (de), Spanish (es), French (fr), Portuguese (pt), Russian (ru), Thai (th), Turkish (tr), Viet-
namese (vi), and Chinese (zh).

Methodology. Neuron activation patterns in the feed-forward layers are categorized into four
groups: all-shared (activated across all languages for a given example), partial-shared, specific
(language-unique), and non-activated. Two attribution metrics are introduced: the Contribution
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Score, measuring overall impact on outputs, and the Effective Score, measuring influence on cor-
rect predictions. Ablation experiments further test the functional role of different neuron groups.

Findings. Results show that neuron sharing is highly task- and example-dependent, with few
neurons maintaining the same category across all contexts. Sharing does not fully follow lin-
guistic family relationships, and increasing the number of languages tends to raise partial sharing.
Crucially, all-shared neurons are consistently the most influential, carrying the highest attribution
scores and yielding up to a 91.6% decrease in performance when deactivated. These results under-
score the central role of shared neurons in multilingual LLM explainability.
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Partial-shared 
Neurons

Specific 
Neurons

Non-activated 
Neurons

Activated Neurons by English input Non-activated Neurons by English input 

Activated Neurons by Spanish input Non-activated Neurons by Spanish input 

Activated Neurons by French input Non-activated Neurons by French input 

13121110987654321

13121110987654321

1413121110987654321

13121110987654321

Figure 7: A comparison of neuron analysis with different type designs in multilingual settings with the
same semantic input, in which we define four types of neurons in one layer of LLM.

This work is described in Wang et al. (2024c).

3.1.2 Bridging the Language Gaps in Large Language Models with Inference-Time
Cross-Lingual Intervention

LLMs achieve state-of-the-art performance across many tasks, yet their abilities remain uneven
across languages. High-resource languages such as English benefit from abundant training data,
while low-resource languages lag behind significantly. Prior solutions, including additional pre-
training or fine-tuning, often require substantial computational cost and data resources. In Wang
et al. (2025), we address this challenge by proposing a more explainable and efficient approach:
an inference-time mechanism that does not alter the base LLM parameters.

Methodology. Our method, Inference-Time Cross-Lingual Intervention (INCLINE), relies on
alignment matrices learned between a low-resource and a high-resource language using parallel
data. For each layer of the model, a transformation is trained via least-squares optimization to map
hidden states of the source language into the target language’s representational space. At infer-
ence time, these matrices are applied to the model’s activations, effectively steering low-resource
language representations toward the stronger processing pathways of high-resource languages.
Importantly, this procedure requires no retraining or fine-tuning of the original model, making the
intervention lightweight and transparent.
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Findings. Experiments conducted across nine benchmarks and five different LLMs show that
INCLINE consistently improves performance across tasks, with gains of 1.02 to 9.46 points over
strong baselines at negligible computational cost. Further analysis demonstrates that higher-quality
parallel data, such as human-translated sentences, enhances the effectiveness of alignment, with the
INCLINE-FDEV variant outperforming the standard version. Overall, our approach highlights the
value of directly manipulating internal representations at inference time, offering an interpretable
and resource-efficient path to narrowing multilingual disparities.

Lately, with gold prices 
up more than 300% 
over the last decade, it 
is harder than ever. 

English text

Ultimamente, com os 
preços do ouro a 
subirem mais de 300% 
na última década, a 
situação está mais 
difícil do que nunca.

Portuguese text
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∗

Question: O artigo foi 
embalado em plástico 
bolha. Qual a causa? 
A: Era frágil. 
B: Era pequeno. 
Answer: 
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Figure 8: Our framework involves two steps: (a) Learning the Cross-Lingual Alignment: sentence rep-
resentations from a parallel dataset are used to train alignment matrices that map source (Portuguese)
representations to the target (English) representations. (b) Inference-Time Transformation: this step
adapts the source representations from downstream tasks into the target representation space using
the alignment matrices.

This work is described in Wang et al. (2025).

3.1.3 Teaching Language Models to Faithfully Express their Uncertainty

Large Language Models (LLMs) often fail to communicate when they are uncertain, creating a gap
between their internal confidence and the decisiveness of their verbal output. This mismatch can
lead to user over-reliance on incorrect answers. To address this, in our work we propose Faithful
Uncertainty Tuning (FUT), a fine-tuning method that trains LLMs to insert linguistic uncertainty
markers consistent with their own intrinsic confidence, see Figure 9.

Data and models. We evaluate FUT on OLMo2 7B, OLMo2 13B, and Tulu3 Llama 8B (Walsh
et al., 2025; Lambert et al., 2025) using question-answering (QA) datasets: PopQA (Mallen et al.,
2023), Natural Questions (Kwiatkowski et al., 2019) and TriviaQA (Joshi et al., 2017). To super-
vise uncertainty expression, we construct training data with uncertainty hedges either interwoven
into responses or postfixed at the end of the response.

Methodology. FUT fine-tunes models to align linguistic hedges with their intrinsic uncertainty,
measured via sample consistency across generations. During training, hedges are injected into
responses in a manner that reflects the variability of sampled answers. This allows the model to
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verbalize uncertainty in a way that faithfully mirrors its internal distribution, without explicitly
optimizing for correctness.4

It was Elmo.
Elmo.
Certainly Elmo.
It was Grover.
Grover dit it.
Likely Oscar.

Original

Elmo Grover Oscar

Pr
ob

ab
ili
ty

It was maybe Elmo.
Possibly Elmo.
Maybe it was Elmo.
Doubtfully, Grover.
Unlikely Grover.
Oscar? No chance!

Faithful Uncertainty
Tuning (FUT)

Elmo Grover Oscar

H
ed
ge

impossible

doubtful
possible

likely
certain

Figure 9: We want to know Who
pushed Big Bird? and, for transparency’s
sake, we expect a good response to be
suggestive of uncertainty in the model’s
state of knowledge. Each plot shows
the beliefs of a model expressed as
probabilities over clustered responses,
with the actual responses shown be-
low the plot. We segment the vertical
axes in 5 intervals, and highlight hedge
phrases that humans regard as coher-
ent with those intervals of probabilistic
belief. The original model (left) gener-
ates responses that are either unhedged
or hedged unfaithfully (e.g., the model’s
belief in Elmo is in the ballpark of ‘pos-
sible’, but responses blaming Elmo sug-
gest ‘certainty’), leading to misinforma-
tion. Faithful uncertainty tuning (FUT;
right) adapts the model so that responses
are faithfully hedged while closely pre-
serving the original beliefs.

Findings. FUT significantly improves model faithful-
ness, measured by the conditional mean faithful genera-
tion (cMFG) score (Yona et al., 2024), which quantifies
whether expressed certainty matches sample-level vari-
ability. Our models improve from near-random faithful-
ness (cMFG ≈ 0.50) to state-of-the-art levels (cMFG ≈
0.75–0.80). These gains generalize across QA datasets.
Importantly, FUT does not substantially alter underly-
ing QA performance or the distribution over semantic-
ally distinct answers. Finally, we also train models to
predict numerical confidence directly, achieving similar
performance and showing the applicability of FUT for
both linguistic and numeric uncertainty communication.

This work is reported in Eikema et al. (2025a)

3.1.4 Sparse Activations as Conformal Predictors

Conformal prediction provides strong distribution-free
guarantees, but its efficiency depends critically on the
choice of non-conformity scores. At the same time,
sparse activation functions such as sparsemax and γ-
entmax can directly yield prediction sets through their
supports, without requiring explicit thresholding, since
they assign non-zero probabilities only to a subset of la-
bels. We aimed to connect these two research directions,
showing how sparse activations can naturally serve as
conformal predictors, thus bridging uncertainty quanti-
fication and sparse probabilistic modeling.

Data and models. We relied on computer vision and
text classification benchmarks. Specifically, we used CIFAR10, CIFAR100, and ImageNet data-
sets (Krizhevsky, 2009; Deng et al., 2009) for vision tasks, training or fine-tuning convolutional
neural networks and vision transformers (ViT; Dosovitskiy et al. (2021)). For text classification, we
employed the 20 Newsgroups dataset (Mitchell, 1999), fine-tuning a BERT-base model. We com-

4 For this output, UTTER (UVA) purchase OpenAI API credits for certain aspects of the evaluation, which required
closed API models for conformity with the best community standards. The costs were about 1000 EUR (a detailed
account of costs can be found in the paper’s appendix). Here’s an approximate summary: there are 3 models tested in
4 settings, each evaluation costs on average 25 USD, and we designed 4 main experiments. Experiment 1: all models
evaluated on PopQA ≈ 300 USD. Experiment 2: 1 model evaluated on NQ and TriviaQA ≈ 200 USD. Experiment
3: analysis of impact of 2 hedge schemes for 1 model in 1 dataset ≈ 50 USD. Experiment 4: analysis of impact of
decoding strategy for 1 model, 1 dataset and 2 decoding strategies ≈ 50 USD. We also used some 250 USD for some
evaluations in code development and tests of code and infrastructure, amounting to about 850 USD before taxes.
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pared our proposed methods against standard conformal approaches such as InvProb and RAPS
Angelopoulos et al. (2021).

Methodology. We propose a methodology to obtain novel non-conformity scores that link con-
formal prediction to temperature scaling of sparse activations. We established the equivalence
between sparsemax supports and conformal prediction sets when temperature is calibrated using
conformal procedures. We then generalized this result to the broader γ-entmax family, show-
ing that by properly defining the non-conformity function, prediction sets correspond exactly to
γ-entmax supports with calibrated temperature. This construction inherits conformal coverage
guarantees, while introducing sparsity and interpretability.

Findings. Our experiments showed that the proposed γ-entmax conformal predictors achieve
the required marginal coverage guarantees while being competitive in efficiency and adaptiveness.
The opt-entmax variant, which tunes γ on calibration data, consistently yielded smaller prediction
sets than baselines while maintaining coverage. Sparsemax tended to produce larger sets but still
achieved valid coverage, whereas log-margin often improved adaptiveness and singleton prediction
coverage. Overall, our results demonstrate that conformalizing sparse activations expands the
family of non-conformity scores with practical, efficient, and interpretable alternatives, effectively
connecting conformal prediction and temperature scaling.

This work is described in Campos et al. (2025).

3.2 Transparent Evaluation

Automatic evaluation protocols are powered by trainable metrics, often built upon blackbox com-
ponents such as pretrained LLMs. In RP1, our contributions included a novel paradigm for fine-
grained evaluation of MT, an analysis of blackbox neural MT evaluation metrics, and a state-of-
the-art approach for evaluation via fine-grained error detection. The following three outputs were
summarised in D5.1; to date, they have gathered nearly 200 citations (mostly due to the third
output):

• Extrinsic Evaluation of Machine Translation Metrics (Moghe et al., 2023, see D5.1, Section
3.2.1).

• The Inside Story: Towards Better Understanding of Machine Translation Neural Evaluation
Metrics (Rei et al., 2023, see D5.1, Section 3.2.2).

• xCOMET: Transparent Machine Translation Evaluation through Fine-grained Error Detec-
tion (Guerreiro et al., 2024, see D5.1, Section 3.2.3).5

We continued to work in this dimension of T5.2 throughout RP2 and continued to contribute to
fine-grained evaluation (§3.2.1) including work on bias in MT quality estimation (§3.2.3), in ma-
chine translation (§3.2.4) and in reward modelling (§3.2.5), we also contributed a novel LLM
tailored to transparent evaluation of translation (§3.2.2).

5 First appeared in RP1, in preprint (Guerreiro et al., 2023c).
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3.2.1 Generics are puzzling. Can language models find the missing piece?

In this paper (Cilleruelo et al., 2025a) apply LLMs to the study of generics. Generics are sentences
that express generalisations without making use of explicit quantifiers. Examples of generics are
ravens are black or ticks carry lyme disease. Generics are an interesting object of study in compu-
tational linguistics because they still lack an agreed account of their semantics. In many examples
they can be paraphrased by quantified statements but the actual quantifier varies greatly, and gen-
erics admit exceptions.

In order to study generics, we first extract a small corpus of generics and quantified sentences used
in context, which we call congen. We then introduce a new metric, p-acceptability, which uses
LLM surprisal in order to select the most appropriate quantifier for a sentence (where a generic is
included as the null quantifier). By analysing the predictions of p-acceptability against the actual
quantifier, we show that it captures semantic intuitions.

We then introduce three experiments which analyse generics in context using LLMs. In the first
experiment we look at which quantifier is most suitable to replace the generic, finding that this var-
ies across sentences with all and most being the most common with about 40% each. To determine
whether generics are context-sensitive we look at how the predictions of p-acceptability vary as
we increase the context length. We find that it is easier to predict generic sentences when more
context is provided, but that this is not the case for quantifiers. Finally we look at a particular type
of generics that are used to express stereotypes (often negative) about specific groups. We show
that all is the most likely replacement for a negative generic stereotype, as opposed to most for a
postive example.

This work is described in (Cilleruelo et al., 2025a). The follow-up work described in (Cilleruelo
et al., 2025b), which concerns dataset construction, is described in detail in D2.2.

3.2.2 xTower: A Multilingual LLM for Explaining and Correcting Translation Errors

We introduce xTower, a translation-oriented LLM built on top of TowerBase-13B (Alves et al.,
2024) to explain span-marked translation errors and propose a corrected translation. The model is
obtained by distilling GPT-4 explanations on MQM-annotated WMT22 data (EN→DE, EN→RU,
ZH→EN), followed by multilingual finetuning mixed with TowerBlocks MT data. Prompts present
an “annotated translation” (error spans with severities) and adopt an explanation-then-correction
format, which xTower handles in referenceless or reference-based modes. Crucially, xTower is
agnostic to the source of spans—human or automatic (e.g., xCOMET)—and can thus plug into
existing QE pipelines.

We evaluate on WMT23 MQM test sets for EN→DE, HE→EN, and ZH→EN, measuring (i) re-
latedness of explanations to the marked spans and (ii) helpfulness for understanding the error and
guiding a fix, via expert human annotation. Relatedness is higher when spans are human-labeled
(about 4.3 on a 0–6 scale) than when predicted by xCOMET (about 3.2), confirming the impact
of span quality. Helpfulness scores average 4.4–4.6 for error understanding and 3.3–3.9 for guid-
ance, indicating that explanations are generally informative and often suggest the path to a better
translation.

Conditioning on spans and the generated explanations, xTower refines the translation and is as-
sessed with COMET (primary), BLEURT, and COMET-Kiwi. Across language pairs, xTower
improves over the original MT by roughly +1 to +3 COMET in referenceless setups; a hybrid
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strategy that keeps the original translation when COMET-Kiwi is high and otherwise adopts the
xTower correction yields further gains (up to ∼+2 COMET on HE→EN). Improvements concen-
trate on lower-quality inputs (original COMET ≤ 80). Moreover, xTower fixes the majority of
span-marked errors and compares favorably to strong LLM baselines when used for post-editing.

Overall, xTower shows that free-text, span-grounded explanations can be both useful to humans
and actionable for models, leading to measurable MT quality gains in multilingual settings and
enabling practical hybrid protocols for cost-effective post-editing.

This work is presented in more detail in (Treviso et al., 2024).

3.2.3 Watching the Watchers: Exposing Gender Disparities in Machine Translation
Quality Estimation

Quality estimation (QE) has become a cornerstone of modern machine translation (MT), enabling
systems to operate without costly human references and powering MT-related tasks such as data
filtering, reranking, and quality-aware decoding. However, as QE scores increasingly guide the
development and deployment of MT models, less is known about whether these metrics introduce
systematic biases that could propagate downstream. In particular, gender bias poses a serious
concern, since many target languages encode grammatical gender, and translation choices may
inadvertently privilege certain forms.

In this work, we investigate gender bias in QE metrics by testing 11 state-of-the-art models
across multiple setups. The study covers widely used neural metrics—CometKiwi 22, CometKiwi
23 (XL/XXL), xCOMET (XL/XXL), and MetricX 23 (L/XL), as well as prompted LLM-based
QE with GEMBA, using Mistral 7B, Gemma 2 9B, Llama 3.1 70B, and GPT-4o. To evaluate
them, we rely on minimal-edit contrastive datasets designed for gender bias analysis: MT-GenEval,
GATE, and mGeNTE. These corpora span eight target languages (e.g., Arabic, German, Spanish,
Italian, Russian) and cover both binary contrasts (masculine vs. feminine forms) and gender-
neutral translation alternatives. Our experiments further study intra-sentential and contextual cases,
including both human-written references and machine-generated outputs.

Our findings reveal consistent and concerning patterns. Across datasets and languages, most QE
metrics systematically assign higher scores to masculine over feminine forms, even when con-
text clearly disambiguates gender. Similarly, gendered translations are generally preferred over
neutral alternatives, suggesting that QE may penalize inclusive language. These biases are not
only intrinsic to evaluation but also carry downstream consequences: they can skew data filtering
pipelines and lead to MT systems that reinforce gendered preferences. While the extent of bias
varies across models, no metric proved free of it.

Overall, this study highlights the importance of adapting quality estimation models to gender-
aware phenomena to ensure fairness and representativeness.

This work is presented in more detail in Zaranis et al. (2025).

3.2.4 Different Speech Translation Models Encode and Translate Speaker Gender Dif-
ferently

Speech translation (ST) is an established technology for breaking down language barriers, but
concerns remain about how these systems handle speaker-related attributes such as gender. Since
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many target languages require grammatical gender marking, ST systems must often infer gender
from the speaker’s voice and propagate it into translations. Failing to do so risks systematic biases,
most notably a default toward masculine forms. Understanding how different ST architectures
internally encode and use speaker gender is thus essential for ensuring fairness and inclusivity.

In this work, we analyze gender encoding across three representative ST models: a tradi-
tional encoder–decoder system (Transformer-based), and two newer speech+MT architectures,
SeamlessM4T and ZeroSwot. Using probing methods—including a novel attention-based probe—
we evaluate how well hidden states capture gender information. Probes are trained on MuST-
C data annotated with self-declared pronouns, and tested both on generic utterances (MuST-C)
and on gender-sensitive sentences from MuST-SHE, which require correct inflection of gender-
marked terms in English→Spanish, French, and Italian. Translation quality is further assessed
with COMET, while gender translation accuracy is measured with the MuST-SHE evaluation pro-
tocol.

Our results reveal striking differences across architectures. Encoder–decoder systems encode
gender information robustly and achieve high accuracy in translating gender-marked terms (avg.
85.6%). By contrast, speech+MT systems encode little to no gender information, especially
after the adapter layer, and default to masculine forms—achieving much lower feminine accuracy
(14–51%). Interestingly, overall translation quality does not predict gender fidelity: the speech+MT
models scored higher on COMET but worse on gender translation. Instead, we find a strong cor-
relation between gender encoding and translation accuracy (R² = 0.99), showing that preserving
acoustic cues is critical for fairer gender handling.

Overall, this study highlights a trade-off in modern ST architectures. While adapters enable flexible
integration of speech and MT components, they tend to erase gender-related information, leading
to systematic masculine defaults. We suggest that future research focus on adapter design and
training strategies to preserve relevant speaker attributes, and on targeted evaluation protocols to
mitigate gender bias in ST outputs.

This work is presented in more detail in Fucci et al. (2025).

3.2.5 Rejected Dialects: Biases Against African American Language in Reward Models

In this work, we investigated how reward models (RMs), which are central to preference align-
ment in large language models (LLMs), encode dialect and sociolect-related biases. Our mo-
tivation stems from the observation that preference datasets are often sourced from annotators
non-representative of diverse speech communities, raising concerns about fairness, especially for
marginalized dialects such as African American Language (AAL). There has been little to no re-
search so far on biases introduced at the reward modeling stage, thus we designed a framework to
quantify biases in RMs against AAL relative to White Mainstream English (WME).

We built our evaluation on two types of datasets. First, we used RewardBench (Lambert et al.,
2024), a large-scale benchmark of preference datasets aligned with WME, and produced machine-
translated AAL variants via VALUE (Ziems et al., 2022) and PhonATe (Deas et al., 2024). This
yielded RB-AAL, which preserved semantic content while adding morphosyntactic and phonolo-
gical features of AAL. Second, we incorporated the DeasGroenwold dataset (Groenwold et al.,
2020; Deas et al., 2023), comprising human-authored AAL texts paired with human-translated
WME equivalents. Together, these corpora enabled controlled comparisons of RM behavior across
dialects.
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We evaluated 17 state-of-the-art reward models, spanning RLHF-trained sequence classifiers (Chris-
tiano et al., 2017; Ouyang et al., 2022) and DPO-style direct preference models (Rafailov et al.,
2024), to address three research questions:

1. Are RMs worse at predicting preferences in AAL vs. WME?

2. Do RMs systematically prefer WME over AAL completions?

3. Do RMs mirror the input dialect or steer toward WME?

Accuracy, effect size, and correlation analyses were applied to measure disparities, supported by
statistical tests such as McNemar’s test with Holm correction.

Figure 10: We analyze reward model scores for White Mainstream English (W) and African American
Language (A) texts across various prompt-continuation settings. Vertical dotted lines indicate machine
translations, and checkmarks/Xs indicate human preferences between alternatives. Our findings point
to representational and quality-of-service harms for AAL speakers.

Our results revealed systematic biases as shown in Figure 10. RMs exhibited a statistically signi-
ficant accuracy drop (–4% on average) when processing AAL texts, undermining their alignment
with human preferences. In addition, most models consistently dispreferred AAL completions,
with large positive effect sizes indicating bias toward WME. We also found that RMs overwhelm-
ingly steered conversations toward WME, refusing to mirror AAL prompts. Case studies high-
lighted practical harms, including failures in refusal behavior and safety-related tasks under AAL
input. These findings demonstrate that representational harms in reward models can cascade into
quality-of-service harms, perpetuating raciolinguistic hierarchies in LLMs.

Overall, our study reveals critical limitations in preference alignment pipelines, showing that re-
ward models encode structural biases against AAL. It underscores the importance of investigating
fairness in user-centric adaptation, advocating for participatory approaches that involve marginal-
ized speech communities in alignment design.

This work is reported in Mire et al. (2025).
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4 Task T5.3: Robustness to noisy input (IT*, NAV, UNB)

Proposal

The key highlights from the proposal are listed below.

5.3a hallucinations: for reliable language systems, robustness to noise (e.g., typos, abbrevi-
ations and grammatical mistakes in text, background noise in the speech signal, and errors
caused by automatic speech recognition in pipeline systems) is required. Current translation
systems often hallucinate or produce critical errors in this regime.

5.3b robustness: we will investigate training and adaptation strategies to increase robustness.

Summary of completed work

The original plan was to work on this task from the beginning of the project till month 24. Our
contributions are organised under 2 themes, one focused on 5.3a and one on 5.3b (with some
natural overlap). In RP1 we focused a bit more on 5.3a. In RP2, we focused on 5.3b.

4.1 Hallucination

Detecting and mitigating hallucinations are key elements in guaranteeing robustness of generation
models, and key desiderata for models that may be used for tasks such as real-time or high-risk
translation. In RP1, we contributed to theoretical understanding of hallucinations as well as to its
effective detection and mitigation. The following three outputs were summarised in D5.1; to date,
they have gathered nearly 350 citations (mostly due to the first and third outputs):

• A Comprehensive Study of Hallucinations in Neural Machine Translation (Guerreiro et al.,
2023d, see D5.1, Section 4.1.1).

• Optimal Transport for Unsupervised Hallucination Detection in Neural Machine Translation
(Guerreiro et al., 2023b, see D5.1, Section 4.1.2).

• Hallucinations in Large Multilingual Translation Models (Guerreiro et al., 2023a, see D5.1,
Section 4.1.3).

4.2 Robustness

ML models can fail in unexpected ways on tested outside their training data distribution. While
LLM training has certainly mitigated this, compared to earlier (single task) neural models, the
problem remains pervasive across tasks. In RP1, we contributed to improved robustness via vari-
ants of system combination in MT decoding and evaluation. The following two outputs were
summarised in D5.1; to date, they have gathered nearly 50 citations:

• Translation Hypothesis Ensembling with Large Language Models (Farinhas et al., 2023, see
D5.1, Section 4.2.1)
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• Combining Lexical and Neural Metrics Towards Robust Machine Translation Evaluation
(Glushkova et al., 2023, see D5.1, Section 4.2.2).

In RP2, we focused on improved robustness via reasoning chains (§4.2.1 and §4.2.2), by data
augmentation and alignment using translated data (§4.2.3 and §4.2.4), and we also contribute an
analysis of the effects that source-side noise have on the quality of machine translation (§4.2.5).

4.2.1 Improving Multilingual Retrieval-Augmented Language Models through Dialectic
Reasoning Argumentations

Retrieval-augmented generation (RAG) grounds large language models (LLMs) in external evid-
ence. Still, it remains brittle when confronted with irrelevant or conflicting sources—problems
amplified in multilingual settings where the retrieved knowledge is heterogeneous. The paper pro-
poses Dialectic-RAG (D-RAG), a modular framework that makes RAG-based workflow critical
and grounded. D-RAG leads the models to deliver Argumentative Explanations, i.e., a structured
reasoning process that systematically evaluates retrieved information by comparing, contrasting,
and resolving conflicting perspectives. Given a query and a set of multilingual related documents,
D-RAG selects and exemplifies relevant knowledge, filters extraneous content, and clearly provides
the final response. Through a series of in-depth experiments, we show the impact of D-RAG both
as an in-context learning strategy and for constructing demonstrations to instruct smaller mod-
els. The final results demonstrate that D-RAG significantly improves RAG pipelines, requiring
low-impact computational effort and providing robustness to knowledge perturbations.

Data and models. We experimented with D-RAG on open-source knowledge-intensive QA
benchmarks with multilingual coverage: MLQA, MKQA, XOR-TyDi QA (11 languages across
tasks), Natural Questions (English), and BORDERLINES (territorial disputes framed in multiple
languages). Wikipedia serves as the knowledge base; documents are retrieved using Cohere’s mul-
tilingual embeddings (top-5 per query). Models include GPT-4o and the Llama-3 family at 70B,
8B, and 1B scales; decoding is greedy with temperature 0 for determinism. Language-resource
disparities in Wikipedia and CommonCrawl are quantified to contextualise retrieval heterogeneity.

Findings. Overall results demonstrate the actual functionality of D-RAG. Indeed, when it is
used in an in-context learning (ICL) setting, it delivers clear gains over both non-retrieval baselines
and standard RAG on multilingual QA. With GPT-4o, average accuracy increases more than 50%
relative to no-RAG and by a further 12.9% over vanilla RAG, while Llama-3-70B exhibits a com-
parable uplift over RAG (11.9%). By contrast, smaller models struggle to execute the multi-step
protocol reliably in ICL settings; however, when fine-tuned on D-RAG demonstrations, they be-
nefit substantially. Specifically, Llama-3-8B surpasses both RAG and supervised fine-tuning on
RAG prompts, with reported average gains of roughly 9.6% and 5.5%, respectively. This evidence
indicates that dialectic structure yields direct returns for frontier models and, to a considerable
extent, functions as an effective supervision signal that provides reasoning benefits to smaller and
often more fragile models.

This work is described in (Ranaldi et al., 2025).
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Figure 11: D-RAG allows LLMs to leverage multilingual knowledge-intensive question answering tasks
by delivering argumentative explanations that support the final answer.

4.2.2 Empowering Multi-step Reasoning across Languages via Program-Aided Lan-
guage Models

The paper proposes Cross-PAL, a cross-lingual extension of Program-Aided Language Models and
structure reasoning trajectories operating via two modules: an understander that plans a solution
in a pivot language (typically English) using program-like steps, and a solver that executes and an-
swers in the original query language. Then, we introduce a self-consistent extension, SCross-PAL,
that ensembles multiple cross-lingual reasoning paths to select the most consistent outcome. We
show that this method targets an ongoing limitation of multilingual reasoning, such as instability
and drop-offs in low-resource languages, by aligning planning in a high-resource language with
language-specific execution.

Data and models. The core evaluation centres on multilingual arithmetic reasoning: MGSM
(250 GSM8K items translated and double-checked into 10 languages) and MSVAMP (the SVAMP
suite in 9 languages). To probe generality beyond arithmetic, we also study results on XCOPA
for multilingual causal commonsense reasoning. To deliver broader results, we operate using both
close-weight (GPT-based) and open-weight models (Llamas and Phi) of different scales. We com-
pute the final results using the accuracy score computed by exact match against the gold numeral/-
text, with answers normalised to the target language format.

Findings. We demonstrate that Cross-PAL improves multilingual reasoning performance across
tasks and model sizes. On MGSM and MSVAMP, it achieves higher accuracy than existing prompt-
ing methods, with self-consistent Cross-PAL (SCross-PAL) providing further gains. The modu-
lar approach is critical, as both single-step prompting and first-step-only variants underperform,
highlighting the value of explicit planning followed by execution. Smaller open-weight models
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such as Llama-3-8B and Phi-3 benefit substantially, limiting the gap with larger models when
led by program-aided demonstrations. We also observe that using English as the pivot language
strengthens reasoning, particularly for low-resource languages like Telugu, Swahili, Bangla and
Thai, whereas native-language planning is less effective. Self-consistency mode stabilises perform-
ance by ensembling across languages, with English playing a pivotal role in low-resource settings.
Finally, we prove that the approach generalises beyond arithmetic: on XCOPA, Cross-PAL and
its self-consistent variant remain competitive for causal commonsense reasoning, underscoring the
applicability of the method.

This work is described in Ranaldi et al. (2024).

4.2.3 Question Translation Training for Better Multilingual Reasoning

Large language models show compelling performance on reasoning tasks but they tend to perform
much worse in languages other than English. This is unsurprising given that their training data
largely consists of English text and instructions. A typical solution is to translate instruction data
into all languages of interest, and then train on the resulting multilingual data, which is called
translate-training. This approach not only incurs high cost, but also results in poorly translated data
due to the non-standard formatting of mathematical chain-of-thought. In this paper, we explore the
benefits of question alignment, where we train the model to translate reasoning questions into
English by finetuning on X-English parallel question data. This is shown in Figure 12. In this way
we perform targeted, in-domain language alignment which makes best use of English instruction
data to unlock the LLMs’ multilingual reasoning abilities. Experimental results on LLaMA2-
13B show that question alignment leads to consistent improvements over the translate-training
approach: an average improvement of 11.3% and 16.1% accuracy across ten languages on the
MGSM and MSVAMP multilingual reasoning benchmarks6.

This work is described in (Zhu et al., 2024b).

4.2.4 The Power of Question Translation Training in Multilingual Reasoning: Broadened
Scope and Deepened Insights

This work is an extension of Zhu et al. (2024b), deepening the analysis and insight.

Bridging the significant gap between large language model’s English and non-English performance
presents a great challenge. While some previous studies attempt to mitigate this gap with trans-
lated training data, the recently proposed question alignment framework leverages the model’s
English expertise to improve multilingual performance with minimum usage of expensive, error-
prone translation. In this paper, we explore how broadly this method can be applied by examining
its effects in reasoning with and without chain-of-thought, as well as with program-of-thought. We
also explore applying this framework to extremely large language models in an efficient manner,
such as through proxy-tuning. Experiment results on multilingual reasoning benchmarks mGSM,
mSVAMP, xCSQA and xNLI demonstrate that we can extend question alignment framework to
boost multilingual performance across diverse reasoning scenarios, model families, and sizes. For
instance, when applied to the LLaMA2 models, it brings an average accuracy improvements of
12.2% on mGSM even with the 70B model. To understand the mechanism of its success, we ana-
6 The project is available at: https://github.com/NJUNLP/QAlign.
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Training Stage I: Question Alignment Training Stage II: Response Alignment

[German Question] Randy hat 60 Mangobäume auf seiner Farm. Er 

hat auch 5 weniger als die Hälfte so viele Kokosnussbäume wie 

Mangobäume. Wie viele Bäume hat Randy insgesamt auf seiner Farm?

[Japanese Question] ランディーさんは農場にマンゴーの⽊を60本

持っています。また、彼はマンゴーの⽊の半分から5本少ないコ

コナッツの⽊を持っています。彼の農場には合計で何本の⽊があ

りますか？

[Chinese Question] 兰迪在他的农场上有60棵芒果树。他还有比芒

果树数量的⼀半少5棵椰⼦树。兰迪⼀共有多少棵树？

[English Question] Randy has 60 mango trees on his farm. He also 

has 5 less than half as many coconut trees as mango trees. How many 

trees does Randy have in all on his farm?

[Question] Randy has 60 mango trees on his farm. He also has 5 less 

than half as many coconut trees as mango trees. How many trees 

does Randy have in all on his farm?

[Response] Half of the number of Randy's mango trees is 

60/2 = <<60/2=30>>30 trees. So Randy has 30 - 5 = 

<<30-5=25>>25 coconut trees. Therefore, Randy has 60 + 25 

= <<60+25=85>>85 trees on his farm.

[Question] What is the total amount that James paid when he 

purchased 5 packs of beef, each weighing 4 pounds, at a price of $5.50 

per pound?

[Response] James buys 5 packs of beef that are 4 pounds 

each, so he buys a total of 5 * 4 = 20 pounds of beef. The price 

of beef is $5.50 per pound, so he pays 20 * $5.50 = $110. The 

answer is: 110.

tuning the base model  to translate non-English questions to Englishθ tuning stage I model  with cutting-edge English-only instruction dataϕ

arg max
θ ∑

l∈L

logpθ(Ze |Zl) arg max
ϕ ∑

{X,Y}∈D

log pϕ(Y |X)non-English Question Zl
English Question Ze

Question X
Response Y

Figure 12: Illustration of our devised two-step training framework. At training stage I (question align-
ment), we use a set of multilingual questions for translation training. At training stage II (response
alignment), we use cutting-edge English-only instruction data for fine-tuning. Due to the established
language alignment in stage I, we can utilize LLM’s expertise in English to enhance its performance on
non-English tasks.

lyze representation space, generated response and data scales, and reveal how question translation
training strengthens language alignment within LLMs and shapes their working patterns.

This work is described in (Zhu et al., 2024a).

4.2.5 Did Translation Models Get More Robust Without Anyone Even Noticing?

In this work, we investigate the effect that source-side artificial and natural noise have on the
quality of machine translation. Noise has been shown to be a major challenge for conventional
NMT models (Belinkov and Bisk, 2018), which are generally trained from scratch on task-specific
data, often for a single language pair. We revisit this analysis in light of newer systems based
on large multilingual encoder-decoder models and instruction-tuned LLMs, as well as the opaque
proprietary system ChatGPT. We explore these questions through experiments on social media
text and synthetically noised corpora. These experiments have complementary roles: social media
text contains diverse noise phenomena, but isolating their effect is not straightforward because the
errors are not labeled. On the other hand, synthetic errors may differ in major ways from “naturally
occurring” noise, but they are interpretable and controllable, offering a way to measure noise in
vitro. By evaluating on a broad spectrum of error types, we can paint a more vivid picture of what
kinds of noise, and at what quantities, cause problems for MT systems.

Our main findings are as follows:

• We show that large pretrained models (specifically, NLLB-200, TowerLLM, and ChatGPT)
are much more robust to synthetic source-side errors than conventional single-pair NMT
models (see Figure 13), even when their performance is similar on clean data. These results
hold across several language pairs and varieties of noise, even though the large models lack
architectural features that obviously encourage robustness to character noise.
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Figure 13: COMET-22 score for English-French on the FLORES-200 devtest set as an increasing
proportion of source tokens are noised by randomly swapping a pair of characters.

• We show that models that are robust to synthetic errors also perform better at translating
social media text, a variety of “real-world” noise. In addition to conventional reference-based
translation experiments, we also include a reference-free setting in which noisy sources can
be directly compared to their cleaned counterparts. Both sets of experiments show that LLMs
are more robust than conventional models to social media text.

• We show that source correction pipelines can be an effective approach to mitigate the im-
pact of synthetic noise without substantially worsening performance on clean data, although
they are significantly less effective with stronger models, suggesting that the benefits of
source correction and model robustness are not complementary. Source correction is less
effective on social media data, likely because there are not enough errors to outweigh the
risk of error propagation.

This work is described in (Peters and Martins, 2025).
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5 Impact

This work package has produced 41 research papers (17 in T5.1, 14 in T5.2 and 10 in T5.3)
across top NLP, CL and ML conferences (*ACL, EMNLP, ICLR, COLM, AISTATS and COLING)
and journals (TACL), as well as specialised workshops. Our outputs from RP1 have collectively
gathered some 850 citations (220 from T5.1, 230 from T5.2 and 400 from T5.3).7 We also pro-
duced research code bases (approximately one per research paper) serving towards reproducibility
of findings but also, in many cases, to support open access to powerful models and tools (e.g.,
xCOMET, xTower, CREST, MONITOR, ReMaKE, INCLINE, and QAlign, to name a few).

We have co-organised the first two editions of the Uncertainty-Aware NLP workshop https://
uncertainlp.github.io, the first (Vázquez et al., 2024) in RP1 (at EACL 2024) and the second
in RP2 (at EMNLP 2025). The first edition attracted 30 experts to the programme committee, it
received 28 submissions and accepted 12; the second edition attracted 50 experts to the programme
committee, it received 46 submissions and accepted 27. This workshop series is a clear extension
of our impact and we intended to continue co-organising it.

6 Conclusion

WP5 achieved and arguably surpassed its stated goals on all three tasks. We have contributed data-
sets, methodology, software and empirical observations to advance various aspects of uncertainty-
aware generation, explainability and robustness. Our research output has already been largely cited
and is bound to have a lasting impact in the field. We have co-organised two scientific events, help-
ing establish WP5’s timely research agenda and also contributing to the project’s impact. There
were no deviations of action in this package.

7 We have not collected citations counts for RP2 outputs as those are rather recent.
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The inside story: Towards better understanding of machine translation neural evaluation metrics.
In Anna Rogers, Jordan Boyd-Graber, and Naoaki Okazaki, editors, Proceedings of the 61st
Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers),
pages 1089–1105, Toronto, Canada, July 2023. Association for Computational Linguistics. doi:
10.18653/v1/2023.acl-short.94. URL https://aclanthology.org/2023.acl-short.94.

page 44 of 48

https://openaccess.thecvf.com/content/CVPR2023W/XAI4CV/papers/Nalmpantis_Vision_DiffMask_Faithful_Interpretation_of_Vision_Transformers_With_Differentiable_Patch_CVPRW_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023W/XAI4CV/papers/Nalmpantis_Vision_DiffMask_Faithful_Interpretation_of_Vision_Transformers_With_Differentiable_Patch_CVPRW_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023W/XAI4CV/papers/Nalmpantis_Vision_DiffMask_Faithful_Interpretation_of_Vision_Transformers_With_Differentiable_Patch_CVPRW_2023_paper.pdf
https://aclanthology.org/2025.acl-long.122/
https://aclanthology.org/2024.naacl-main.153/
https://aclanthology.org/2024.emnlp-main.678/
https://aclanthology.org/2023.acl-short.94


UTTER HORIZON-CL4-2021-HUMAN-01-13 D20/D5.2

Ravi Shekhar, Sandro Pezzelle, Yauhen Klimovich, Aurélie Herbelot, Moin Nabi, Enver
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