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Abstract

This deliverable presents the final outcomes of WP6, covering (T6.1) efficient inference, (T6.2)
model compression, and (T6.3) tools evaluation, usage, sharing and adaptation of the models.

In the previous deliverable, we reported our completed work about model distillation, lexical short-
listing and multimodal model compression using discreet speech units. Building on this founda-
tion, we continue to advance methods for efficient inference across these tasks. In task T6.1, we
extend our caching-and-distilling approach by introducing an uncertainty-based selection method
to further optimize LLM calls. For multimodal models, we conducted a a systematic comparison
of cross-attention and prepending in encoder-decoder architectures with continuous speech inputs.
In task T6.2, we have explored activation steering, a new technique that yields significant perform-
ance improvements while preserving inference efficiency. In task T6.3, on the evaluation side, we
continue to innovate by completing a new machine translation evaluation toolkit called xCOMET,
which integrates fine-grained errors. Finally, in collaboration with NVIDIA, we optimized the
EuroLLM model for enterprise AI workloads.

In total, our contribution includes three conference papers, one journal article, one arXiv preprint
and an external industry collaboration.
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1 Introduction

Proposal

This WP addresses the call text “proposed solutions should be energy efficient” by optimising
model inference. Efficient inference is critical to applications. In our customer support and on-
line meeting assistant scenarios, latency is critical to the user experience. Beyond the immediate
proposal, we anticipate that third parties will benefit from reduced computational requirements to
build models on custom data or integrate inference into their applications. A second order bene-
fit of efficiency is improved privacy because it supports application developers running inference
locally rather than on the cloud.

WP6 has the following main goals: reduce inference latency and throughput; decrease the size of
the model. Many methods trade between efficiency and quality of the model. There is no single
speed cutoff nor a single acceptable level of quality loss, but rather a range of options depending
on application requirements. For each of these goals, our aim is to push the Pareto frontier i.e.
with faster speed but the same quality loss or better quality for the same speed.

Work Presented in the First Deliverable

In the first deliverable, we first completed a survey paper on efficiency (Treviso et al., 2023) which
guides the development of the subsequent works. We made an initial contribution to the hard
problem of lexical shortlisting for large language models (Bogoychev et al., 2024) and looked
at more efficient use of LLMs by caching and distilling the responses from a (teacher) Large
Language Model (LLM) (Ramı́rez et al., 2024). We also explored effective and efficient question-
answer representations (Hu et al., 2024). In T6.2 on model compression, we started work on
smaller models for multimodal speech translation using discrete speech units (Lam et al., 2024).
Finally for the third task on tools for evaluation, usage and sharing, we delivered TowerEval
(Alves et al., 2024) which is an evaluation framework for large language models.

In total, we have completed four conference papers on Task 6.1, one paper on Task 6.2 and one pa-
per on T6.3. At that time, the discrete-speech-units paper and the caching-and-distilling paper were
under review and have now been accepted to IWSLT2024 and ACL (Findings) 2024, respectively.

Work Presented in this Deliverable

In task T6.1, we continued research about optimizing LLM calls by introducing an uncertainty-
based selection method (Ramı́rez et al., 2024). In multimodal language model, we conducted a
systematic comparison of cross-attention and prepending in encoder-decoder architectures using
continuous speech representation as inputs (Lam et al., 2025). Our results reveal better efficiency
in terms of generation speed and GPU memory footprint of cross-attention over prepending in
integrating speech into language model. In task T6.2, we have explored activation steering, a
new technique to control LLM’s generation. Our distillation-based modification brings remarkable
performance gain over the existing methods when applied to smaller language models (Wang et al.,
2025). In the task T6.3, we leveraged language arithmetic for efficient cross-lingual adaptation of
LLMs (Klimaszewski et al., 2025). We also completed a new machine translation evaluation toolkit
called xCOMET (Guerreiro et al., 2024), which integrates fine grained errors. Finally, we partnered
with NVIDIA to “nimify” our EuroLLM model for enterprise AI workloads.
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Our achievement is summarized as follows:

Summary of Output

Manuscripts:
• 1 journal article (TACL24)
• 1 arXiv pre-print
• 2 conference papers (NAACL25, COLING25)

Code and data:
• NAACL25: https://github.com/hlt-mt/FBK-fairseq/
• COLING25: https://github.com/mklimasz/language-arithmetic
• xCOMET: https://huggingface.co/Unbabel/XCOMET-XL

Events: NVIDIA at VivaTech 2025 (June 11-14 — Paris, France) https://www.nvidia.com/en-
eu/gtc/vivatech/

List of completed works and their related sections:

Task Section Paper

T6.1 §2.1 Tsz Kin Lam, Marco Gaido, Sara Papi, Luisa Bentivogli,
Barry Haddow “Prepending or Cross-Attention for Speech-
to-Text? An Empirical Comparison”, NAACL 2025

T6.2 §3.1 Weixuan Wang, Minghao Wu, Barry Haddow, Alexandra
Birch “EXPERTSTEER: Intervening in LLMs through Ex-
pert Knowledge”, Under Review

T6.3 §4.1 Mateusz Klimaszewski, Piotr Andruszkiewicz, Alexan-
dra Birch “No Train but Gain: Language Arithmetic for
training-free Language Adapters enhancement”, COLING
2025

§4.2 Nuno M. Guerreiro, Ricardo Rei, Daan van Stigt, Luisa
Coheur, Pierre Colombo, André F. T. Martins “xcomet:
Transparent Machine Translation Evaluation through Fine-
grained Error Detection”, TACL 2024

§4.3 Nimification of EuroLLM

Table 1: List of publications to be discussed
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Figure 1: Representation of the architectures analyzed in the paper. Both (a) and (c) are based on
encoder-decoder architecture but (a) uses cross-attention, whereas (c) uses DFP. Secondly,
both (b) and (c) uses DFP, but (c) contains a speech encoder, making it not decoder-only.
The (audio) causal masking can be applied to both the previous tokens and the audio se-
quence or only to the previous tokens.

2 Task T6.1: Inference Speed (UEDIN)

Proposal highlights

• Cross-attention or prepending in speech-to-text language modeling

2.1 Output 1: Prepending or Cross-Attention for Speech-To-Text? An Empirical Com-
parison

Following the remarkable success of Large Language Models (LLMs) in NLP tasks, there is in-
creasing interest in extending their capabilities to speech—the most common form of communica-
tion. The most widespread approach to integrating speech into LLMs is dense feature prepending
(DFP), which prepends the projected speech representations to the textual representations, allow-
ing end-to-end training with a speech encoder. This raises questions about the need for a soph-
isticated speech encoder for DFP and how its performance compares with a cross-attention based
encoder-decoder architecture.

Data and models. To perform a controlled architectural comparison, we train all models from
scratch rather than using large pretrained models and use comparable data and parameter settings,
testing speech-to-text recognition (ASR) and translation (ST) on MuST-C v1.0 (Di Gangi et al.,
2019) and CoVoST2 (Wang et al., 2021) datasets in both Transformer and Conformer (Gulati et al.,
2020) speech encoders.

Methodology. We compare DFP and cross-attention (see Fig. 1) under a variety of configura-
tions, such as CTC compression (Liu et al., 2020; Gaido et al., 2021), sequence-level knowledge
distillation (Kim and Rush, 2016), on monolingual, bilingual, and multilingual models.

Findings. Despite the wide adoption of DFP, our results do not indicate a clear advantage of
DFP over cross-attention in both ASR and ST qualities, especially with a stronger speech encoder.
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In contrast, cross-attention is indeed more efficient in terms of generation speed and GPU memory
footprint.

3 Task T6.2: Model Compression (UEDIN)

Proposal highlights

• Transferrable activation steering vectors for smaller language models

Summary of completed work

In this task, we explored a new exciting area about model compression of LLMs via activation
steering. Our proposed method extracts steering vector from huge LLMs, which could be ap-
plied to much smaller sized language models. Our results show substantial improvement over the
existing methods in 15 popular benchmarks in four distinct domains.

3.1 Output 1: ExpertSteer: Intervening in LLMs through Expert Knowledge

Large Language Models (LLMs) exhibit remarkable capabilities across various tasks, yet guid-
ing them to follow desired behaviours during inference remains a significant challenge. Activa-
tion steering offers a promising method to control the generation process of LLMs by modifying
their internal activations. However, existing methods commonly intervene in the model’s beha-
viour using steering vectors generated by the model itself, which constrains their effectiveness to
that specific model and excludes the possibility of leveraging powerful external expert models for
steering. To address these limitations, we propose EXPERTSTEER, a novel approach that lever-
ages arbitrary specialized expert models to generate steering vectors, enabling intervention in any
LLMs.

Data and models. We conduct comprehensive experiments using Llama3.1-8B-Instruct
(Dubey et al., 2024), Qwen2.5-7B-Instruct (Yang et al., 2024) and Gemma2-2B-Instruct
(Team et al., 2024) on 15 popular benchmarks across four distinct domains: (1) medical —
medQA (Jin et al., 2021), MedMCQA (Pal et al., 2022) and MMLU-Medical (Hendrycks et al.,
2020), (2) financial— FPB (Malo et al., 2014), Flare-cfa (Xie et al., 2023), MMLU-Financial,
(3) mathematical— GSM8K (Cobbe et al., 2021), MATH500 (Hendrycks et al., 2021), MMLU-
Math and (4) general — COPA (Roemmele et al., 2011), NLI (Conneau et al., 2018), ARC-C
(Bhakthavatsalam et al., 2021), MMLU-Humanities, Salad (Li et al., 2024), Harmful Behaviors
(ZySec-AI, 2024).

Methodology. EXPERTSTEER (Fig.2) transfers the knowledge from an expert model to a target
LLM through a cohesive four-step process: (1) first aligning representation dimensions with auto-
encoders to enable cross-model transfer, (2) then identifying intervention layer pairs based on
mutual information analysis, (3) next generating steering vectors from the expert model using
Recursive Feature Machines (Radhakrishnan et al., 2024), and (4) finally applying these vectors
on the identified layers during inference to selectively guide the target LLM without updating
model parameters.
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Figure 2: An overview of EXPERTSTEER, including four steps: (1) aligning the dimensionality of the
expert and target models, (2) identifying the layer pairs to be intervened upon, (3) generating
steering vectors from the expert model, and (4) intervening in the generation process of the
target model.

Findings. Experiments demonstrate that EXPERTSTEER significantly outperforms established
baselines, such as Supervised-Fine-Tuning (Wei et al., 2021), Knowledge Distillation (Boizard
et al., 2024), and the SOTA steering baselines, including Inference-Time Intervention (Li et al.,
2023), Contrastive Activation Addition (Panickssery et al.), and Semantic-Adaptive Dynamic In-
tervention (Wang et al., 2024) across diverse tasks at minimal cost.

4 Task T6.3: Providing Tools for Evaluation, Usage, Sharing and Adapt-
ation of the Models (UEDIN, UNB)

Proposal highlights

• Language arithmetic for cross-lingual transfer in LLMs

• xCOMET: Transparent machine translation evaluation

• Nimification of EuroLLM for enterprise AI workloads

Summary of completed work

In this task, we completed an accepted work by COLING2025 on cross-lingual adaptation using
language arithmetic. Following TowerEval in the last deliverable, we released xCOMET, a toolkit
for evaluation of machine translation. Furthermore, we have collaborated with NVIDIA to optim-
ize EuroLLM (Martins et al., 2025) for enterprise AI workloads.

4.1 Output 1: No Train but Gain: Language Arithmetic for training-free Language Ad-
apters enhancement

Modular deep learning is the state-of-the-art solution for lifting the curse of multilinguality, pre-
venting the impact of negative interference and enabling cross-lingual performance in Multilingual
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Figure 3: Language arithmetic as an extension of the MAD-X framework. Given language and task
adapters (left), language arithmetic (right) enables post-processing, training-free improve-
ment in two use-cases: (i) zero-shot where a language adapter for a target language was
not trained (presented in the figure as Spanish, which was not part of existing language
adapters pool, LAes(en, fr)) or (ii) to improve existing language adapters via arithmetic with
either related language or a language on which task adapter was trained (e.g. LA f r(en, fr)).

Pre-trained Language Models. However, a trade-off of this approach is the reduction in positive
transfer learning from closely related languages. In response, we introduce a novel method called
language arithmetic, which enables training-free post-processing to address this limitation.

Data and models. The effectiveness of the proposed solution is demonstrated on three down-
stream tasks in a MAD-X-based (Pfeiffer et al., 2020) set of crosslingual schemes, acting as a
post-processing procedure.

Methodology. Extending the task arithmetic framework, we apply learning via addition to the
language adapters, transitioning the framework from a multi-task to a multilingual setup.

Findings. Language arithmetic consistently improves the baselines with significant gains, espe-
cially in the most challenging case of zeroshot application.

4.2 Output 2: xCOMET: Transparent Machine Translation Evaluation through Fine-
grained Error Detection

Widely used learned metrics for machine translation evaluation, such as COMET and BLEURT,
estimate the quality of a translation hypothesis by providing a single sentence-level score. As such,
they offer little insight into translation errors (e.g., what are the errors and what is their severity).
On the other hand, generative large language models (LLMs) are amplifying the adoption of more
granular strategies to evaluation, attempting to detail and categorize translation errors. In this work,
we introduce xCOMET, an open-source learned metric designed to bridge the gap between these
approaches.
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Figure 4: The xCOMET framework illustrated through a real example: the metric not only provides
a sentence-level score, but also predicts translation error spans along with their respective
severity. From these spans, we can infer MQM score (following the MQM typology) that
informs and highly correlates with the sentence-level score (see Section 6). These spans
complement the sentence-level score by providing a detailed view into the translation errors.

Data and models. We used both direct assessment (DA) and Multidimensional Quality Metric
(MQM) data to train xCOMET. The DA annotations were collected by WMT from 2017 to 2020,
and the MLQE-PE dataset (Fomicheva et al., 2022). As the MLQE-PE dataset does not contain
reference translations, we used the post-edit translations as reference translations. Overall, the
corpus consists of around 1 million samples, spanning 36 language pairs. The MQM annotations
were sourced from WMT from 2020 to 2022.6 We also used annotations sourced from other MQ-
Mannotated datasets: (i) IndicMT (Sai B et al., 2023), which contains MQM annotations spanning
5 Indian languages, and (ii) DEMETR (Karpinska et al., 2022), a diagnostic dataset with perturb-
ations spanning semantic, syntactic, and morphological error categories.

We follow the same architecture of the scaled-up version of COMETKIWI detailed in (Rei et al.,
2023), which uses a large pre-trained encoder model as its backbone encoder model.

Methodology. xCOMET integrates both sentence-level evaluation and error span detection cap-
abilities, exhibiting state-of-the-art performance across all types of evaluation (sentence-level,
system-level, and error span detection). Moreover, it does so while highlighting and categoriz-
ing error spans, thus enriching the quality assessment.

Findings. Our robustness analysis with stress tests show that xCOMET is largely capable of identi-
fying localized critical errors and hallucinations. The model checkpoints have been available for
the public1.

4.3 Output 3: Nimification of EuroLLM

NVIDIA and UTTER partnered to optimize the EuroLLM model using NVIDIA Nemotron tech-
niques to maximize cost efficiency and accuracy for enterprise AI workloads, including agentic
AI. This exciting announcement was unveiled by NVIDIA CEO Jensen Huang at NVIDIA GTC
Paris, VivaTech 2025. The full press release is shown in Fig.5, and the model is now available on
https://build.nvidia.com/utter-project/eurollm-9b-instruct.

1 https://huggingface.co/Unbabel/XCOMET-XL
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NVIDIA Partners With Europe Model Builders and Cloud
Providers to Accelerate Region’s Leap Into AI

Model Builders Across Europe — Including France, Italy, Poland, Spain and Sweden — to
Deliver Sovereign Models With NVIDIA Nemotron
AI Models Tailored to Local Languages and Culture Coming to Perplexity, Delivered as
NVIDIA NIM Microservices and Hosted on Regional AI Infrastructure From NVIDIA Cloud
Partners

NVIDIA GTC Paris at VivaTech—NVIDIA today announced that it is teaming with model builders and cloud providers
across Europe and the Middle East to optimize sovereign large language models (LLMs), providing a springboard to
accelerate enterprise AI adoption for the region’s industries.

Model builders and AI consortiums Barcelona Supercomputing Center (BSC), Bielik.AI, Dicta, H Company, Domyn, LightOn,
the National Academic Infrastructure for Supercomputing in Sweden (NAISS) together with KBLab at the National Library of
Sweden, the Slovak Republic, the Technology Innovation Institute (TII), the University College of London, the University of
Ljubljana and UTTER are teaming with NVIDIA to optimize their models with NVIDIA Nemotron™ techniques to maximize
cost efficiency and accuracy for enterprise AI workloads, including agentic AI.

Model post-training and inference will run on AI infrastructure in Europe from NVIDIA Cloud Partners (NCPs) participating in
the NVIDIA DGX Cloud Lepton™ marketplace.

The open, sovereign models will provide a foundation for an integrated regional AI ecosystem that reflects local languages
and culture. Europe’s enterprises will be able to run the models on Perplexity, an AI-powered answer engine used to answer
over 150 million questions per week. Companies will also be able to fine-tune the sovereign models on local NCP
infrastructure through a new Hugging Face integration with DGX Cloud Lepton.

“Europe’s diversity is its superpower — an engine of creativity and innovation,” said Jensen Huang, founder and CEO of
NVIDIA. “Together with Europe’s model builders and cloud providers, we’re building an AI ecosystem where intelligence is
developed and served locally to provide a foundation for Europe to thrive in the age of AI — transforming every industry
across the region.”

Optimizing Model Accuracy and Inference Savings With NVIDIA Nemotron 
Europe — the world’s third largest economic region — is home to industries spanning manufacturing, robotics, healthcare
and pharmaceuticals, finance, energy and creative.

To accelerate the region’s AI-driven transformation, NVIDIA partners are delivering their open LLMs with support for Europe’s
24 official languages. Several models also specialize in national language and culture, such as those from H Company and
LightOn in France, Dicta in Israel, Domyn in Italy, Bielik.AI in Poland, the University of Ljubljana and the Slovak Republic
models, BSC in Spain, NAISS and KBLab in Sweden, TII in the United Arab Emirates and the University College London in
the U.K.

The LLMs will be distilled with NVIDIA Nemotron model-building techniques — including neural architecture search — as
well as reinforcement learning and post-training with NVIDIA-curated synthetic data. These optimizations will reduce
operational costs and boost user experiences by generating tokens faster during inference. The Nemotron post-training
workloads will run on DGX Cloud Lepton hosted by European NCPs including Nebius, Nscale and Fluidstack.

Developers will be able to deploy the sovereign models as NVIDIA NIM™ microservices running on AI factories — on
premises and across cloud service provider platforms — using a new NIM microservice that supports more than 100,000
public, private and domain-specialized LLMs hosted on Hugging Face.

Adding Europe’s Sovereign AI Insights to Perplexity
Supporting AI diversity for enterprises across the region, Perplexity will integrate the sovereign AI models into its answer
engine, which is used by European enterprises, publishers and organizations, including telecommunications and media
giants. Perplexity uses LLMs to improve accuracy in search queries and AI outputs. The answer engine draws from credible
sources in real time to accurately answer questions with in-line citations, perform deep research and complete assistive
tasks.

“Perplexity’s goal is to provide accurate, trustworthy answers to any question from any person, wherever they are,” said
Aravind Srinivas, cofounder and CEO of Perplexity. “Bringing NVIDIA-optimized sovereign AI models to Perplexity
empowers innovation in Europe with AI built and running in the region.”

Figure 5: Partnership between NVIDIA and UTTER on the nimification of EuroLLM.
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5 Conclusion

This deliverable presents a summary of the most recent completed work on WP6 efficient infer-
ence. Our recent contribution includes four publications accepted to high-ranked NLP venues and
one arXiv pre-print that is expected to appear on a major Machine Learning conference. Including
the previous deliverable, this WP has led to nine publications. More importantly, UTTER made an
successful collaboration with NVIDIA to promote EuroLLM for enterprise usage.
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