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Translation quality on Flores dataset for continue pretraining data recipes. The
TowerBASE recipe, outlined in Section 3.1.1, mixtures monolingual with parallel
data. The “Parallel only” recipe only processed 8 billion tokens due to compute
constraints.

The DistilWhisper optimization approach (left), and its architecture (right). The
feed-forward is replaced by a CLSR module, where the LS gates (g) learn to al-
ternate between the pre-trained frozen multilingual representation and the LS layer. 15
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Abstract

In this report we present four different projects related to Multimodal, Multilingual Pre-trained XR
Models from UTTER project’s WP3. These include two foundation models, mHuBERT-147 and
TowerLM, which cover respectively speech and textual modalities. We also report on two task-
specific efficient models: the Multilingual DistilWhisper for automatic speech recognition, and an
approach for efficient CTC regularization for speech translation.
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2 Introduction

2.1 Objectives
Proposal

“The purpose of this package is to develop pretrained models that can be effectively leveraged for
multi-modal (written and spoken language) translation. The objective can be structured into two
components:

e Model pretraining and availability: Collect speech and language models on selected and
large datasets. A large language model developed for the BigScience project will be adapted
and integrated for usage in the project. An analysis and evaluation of existing pretrained
speech/textual models and their relevance for the target task will be done. All the selected
speech and text models will be integrated and provided in a unified interface for usage by
the other working groups.

¢ Architectural investigations: Investigate how speech and text pretrained models can be
efficiently combined together for translation. We will analyze the performances of several
combinations of the pretrained speech and text architectures made available in the previous
tasks for end-to-end spoken and/or written translation. We will formulate recommendations
for optimally combining pretrained models.”

Work Completed

Since the project’s proposal and the BigScience project, more competitive pre-trained models
for text were released. We thus shift focus towards the adaptation of these, notably proposing
TowerLM, a derived model from the popular open-source large language model (LLM) LLaMA-
2 (Touvron et al., 2023b). For speech, observations from the self-supervised learning (SSL) SU-
PERB benchmark (wen Yang et al., 2021) convinced us of the potential of building a multilingual
speech model based on the Hidden Units BERT (HuBERT, Hsu et al. (2021)) architecture. We
trained and will soon release the first general-purpose multilingual HuBERT: mHuBERT-147 (ex-
pected release date: 06/06/2024).

Regarding efficient training, we proposed a parameter efficient distillation approach for the speech
architecture Whisper, which allows us to bridge the gap between large and small models without
much cost for inference. Moreover, we proposed a CTC regularization approach via coarse labels
for improving the performance of speech translation models.

3 Task 3.1: Investigating and pretraining text and speech models

Proposal

“We will provide access to very large pretrained language models created during the BigScience
research workshop. Being trained on large-scale, diverse, and multi-lingual datasets, the provided
checkpoints are well-suited for the target task. On the speech side, an analysis of available pre-
trained models, such as Conformer, Wav2Vec2, HuBERT will be done. We will also provide an
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interface to access the best performing, open-sourced pretrained speech models. Depending on the
available budget for pretraining, we will either continue pretraining from existing checkpoints or
run pretraining from scratch on the provided audio data. Pretraining a competitive speech model
that has between 1 and 10 billion parameters from scratch would require between 250,000 and
500,000 V100 GPU hours cf. Wav2Vec2, HuBERT, BigSSL. Continuing pretraining on existing
open-sourced checkpoints would require significantly less GPU hours.”

Work Completed

For text, we perform continuous pretraining (i.e. training from existing checkpoint) using as base
the LLaMA-2 model. This is followed by instruction tuning, creating a very competitive model
for translation-related tasks. For speech, we train the first general-purpose multilingual HuBERT
model (from scratch), covering 147 languages.

3.1 Tower: An Open Multilingual Large Language Model for Translation-Related Tasks

Many important tasks within multilingual NLP, such as quality estimation, automatic post-edition,
or grammatical error correction, involve analyzing, generating or operating with text in multiple
languages, and are relevant to various translation workflows — we call these translation-related
tasks. Recently, general-purpose large language models (LLMs) challenged the paradigm of per-
task dedicated systems, achieving state-of-the-art performance on several recent WMT shared
tasks (Kocmi et al., 2023; Freitag et al., 2023; Neves et al., 2023). Unfortunately, strong capabilit-
ies for multiple translation-related tasks have so far been exhibited by closed LLMs only (Hendy
et al., 2023; Kocmi and Federmann, 2023; Fernandes et al., 2023; Raunak et al., 2023). Perhaps
because most open LLLMs are English-centric, approaches leveraging these models still lag behind,
having thus far achieved competitive results only when specializing on a single task (Xu et al.,
2024a, 2023; lyer et al., 2023). Here, closed means models available only behind an API such
as GPT-3.5 and GPT-4 and open relates to models whose weights are available for download and
allowed to derive from.

Our backbone language model is LLaMA-2, which is very competitive on a wide range of tasks (Touv-
ron et al., 2023b) and achieves the best zero-shot translation quality across available open LL.Ms (Xu
et al., 2024a). Nevertheless, the LLaMA-2 family was trained on relatively little non-English data,
limiting its potential for multilingual tasks, such as machine translation.

3.1.1 TowerBase

We extend LLaMA-2’s training on a highly-multilingual dataset comprising 20 billion tokens —
measured with the model’s tokenizer — for 10 languages: English (en), German (de), French (fr),
Dutch (nl), Italian (it), Spanish (es), Portuguese (pt), Korean (ko), Russian (ru), and Chinese (zh).
While previous work exclusively leverages monolingual data (Xu et al., 2024b), we draw inspira-
tion from work including parallel data during pretraining (Anil et al., 2023; Briakou et al., 2023),
and mix parallel sentences (one-third) along with monolingual data (two-thirds).

Monolingual data. We collect monolingual data from mC4 (Xue et al., 2021) uniformly sampling
across our languages. Additionally, we improve data quality with standard cleaning proced-

page 7 of 30



UTTER HORIZON-CL4-2021-HUMAN-01-13 DI5

FLorEs-200 (en—xx) FLores-200 (xx—en)
88 88 ;:_;;:_‘;::;.""T;I—:*
o7 [Py
86 |-
85
84 L 1 L L L L L L
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Training tokens (billions) Training tokens (billions)
—%— TowERBASE Parallel only —— Monolingual only
-==-TOoWERBASE @ 20b e Monolingual only @ 20b LLaMA-2

Figure 1: Translation quality on Flores dataset for continue pretraining data recipes. The TowerBase
recipe, outlined in Section 3.1.1, mixtures monolingual with parallel data. The “Parallel only”
recipe only processed 8 billion tokens due to compute constraints.

ures (Wenzek et al., 2019; Touvron et al., 2023a): deduplication, language identification, and
perplexity filtering with KenLM (Heafield, 2011).

Parallel Data. We uniformly sample to-English (xx—en) and from-English (en—xx) language
pairs from various public sources. Additionally, we ensure translation quality by removing sen-
tence pairs below quality thresholds for Bicleaner (Sdnchez-Cartagena et al., 2018; Ramirez-
Sanchez et al., 2020) and ComeTKiwi-22 (Rei et al., 2022).

Model Training. We train our models with a codebase based on Megatron-LLLM (Cano et al.,
2023) on 8 A100-80GB GPUs, an effective batch size of 1.57 million tokens per gradient step, and
a cosine scheduler with initial and final learning rates of 3 x 107 and 3 x 107°, respectively. The
training times for TowerBAse 7B and 13B were 10 and 20 days.

3.1.2 Experiments

Parallel data during continued pretraining improves translation quality. Figure 1 reports
5-shot translation quality on FLores-200 for multiple continued pretraining data recipes. Mixing
monolingual and parallel data achieves the highest quality, outperforming both monolingual only
and parallel only data. In general, improvements are more noticeable on en—xx directions, likely
due to the English-centric nature of LLaMA-2’s training. Nevertheless, while monolingual only
data improves over the base LLaMA-2 by 0.1 CoMET-22 points on xx—en directions, our recipe
gains nearly a full point.!

Parallel data during continued pretraining is sample efficient, but quality continues to
improve with more tokens. At the 2 billion tokens mark, combining parallel sentences with

"' While 0.1 Comer-22 points translates to 54.9% human agreement, one ComEeT-22 point translates to 90.9% (Kocmi
et al., 2024).
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monolingual data (i) yields more than 50% of the improvement over the base model, and (i1) sur-
passes the recipe leveraging solely monolingual data. Additionally, while training on more tokens
has diminishing returns — 85% of the total performance gains appear by the 5 billion tokens mark
— it continues to improve translation quality.

For more details about the different models in the Tower family can be found in the paper (Alves
et al., 2024). Models are available in the Tower HuggingFace collection.?

3.2 mHuBERT-147: A Compact Multilingual HUBERT Model

Self-supervised Learning (SSL) approaches for speech representation learning are now the es-
sential foundation blocks for speech processing solutions. These models leverage large amounts
of unlabeled speech data during training, and learn from different pretext tasks in order to build
exploitable contextualized speech representations that can be leveraged for different downstream
tasks. For English, several models have been proposed (Pascual et al., 2019; Ravanelli et al., 2020;
Baevski et al., 2020; Hsu et al., 2021; Chen et al., 2022; Liu et al., 2020), but most multilingual
models available to the community are based on wav2vec 2.0 (Conneau et al., 2021; Babu et al.,
2022; Pratap et al., 2023), with the only current exception being WavLabLLM (Chen et al., 2023b).

Meanwhile, the Hidden units BERT model (HuBERT, Hsu et al. (2021)) — where pre-training is
performed in 2 or 3 iterations, and target training labels are externally obtained via k-means clus-
tering — presents superior performance on the English SSL benchmark SUPERB (wen Yang et al.,
2021), outperforming wav2vec 2.0. The English version of this model also shows decent cross-
lingual adaptation capabilities on the multilingual benchmark ML-SUPERB (Shi et al., 2023a).
Recently, HuBERT has also emerged as a popular choice for producing discrete speech units for
multimodal LLMs (Wang et al., 2023b; Chang et al., 2023; Chou et al., 2023).

However, despite recent efforts to reduce hardware costs (Li et al., 2022; Lin et al., 2023; Chen
et al., 2023a), HUuBERT’s superior performance comes with higher training costs, a characteristic
that is accentuated in multilingual settings requiring larger amounts of speech data. The divergence
in costs arises from HuBERT s multi-iteration training process, which contrasts with wav2vec 2.0’s
single iteration training on unlabeled speech data alone. HuBERT requires high-dimensional fea-
ture extraction across the entire training dataset to generate discrete labels, along with a minimum
of two model training and clustering steps, resulting in increased disk and CPU/GPU resource de-
mands. We are aware of only small-scale multilingual HuBERT models that train using a single
dataset: there is an mHuBERT trained on 3 languages (Lee et al., 2022); and a HuBERT collection
covering between 5 and 12 languages (Duquenne et al., 2023).

In contrast, in this work, we tackle the challenge of training the first general-purpose massively
multilingual HuBERT speech representation model. This model is trained using 90,430 hours of
clean open-license data across 147 languages. For reducing pre-processing costs, we downsample
large popularly used speech datasets, hypothesizing that source diversity is more important than
quantity. We also propose to replace the original HuBERT clustering implementation with faiss-
based clustering (Douze et al., 2024), increasing label assignment speed by 5.2 times. Finally, for
training, we employ a two-level multilingual up-sampling approach factoring in both linguistic and
dataset diversity for increased overall multilingual performance.

2 https://huggingface.co/collections/Unbabel/tower-659eaedfe36e6dd29eb1805¢
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Despite being trained with considerably less data than popular multilingual models, and being a
compact second-iteration model, mMHUBERT-147 is competitive with larger multilingual SSL. mod-
els, reaching the second position at ML-SUPERB leaderboard, and setting new SOTA for two met-
rics. Complementary few-shot ASR evaluation on FLEURS-102 shows that our model matches
MMS-300M on average, while having 70% less parameters (1.8 times faster training; 1.4 times
faster decoding). Our findings suggest that mMHUBERT-147 is a promising model for multilingual
speech downstream tasks, offering an unprecedented balance between high performance and para-
meter efficiency. Our future work will include the evaluation of the third iteration 95M parameter
mHUBERT-147 that is currently under training, and that we believe will further improve our per-
formance on ML-SUPERB and FLEURS-102.

mHuUBERT-147 data: We gathered 90,430 hours of speech from datasets with permissive licences
in 147 languages. For this multilingual collection, our goal was to prioritize linguistic diversity
over data quantity alone. In total, our training set spans 19 language families (sorted in decreasing
order of data quantity): Indo-European, Niger-Congo, Uralic, Afro-Asiatic, Constructed (Esper-
anto), Turkic, Dravidian, Sino-Tibetan, Austronesian, Koreanic, Kra-Dai, Japonic, Language isol-
ate (Basque), Kartvelian, Austroasiatic, Mongolic, Northwest Caucasian, Creole and Tupian. The
report D2.1 on data and resources details the dataset.

3.2.1 mHuBERT-147 Training

Our training follows the multi-iteration pre-training objective of HuBERT (Hsu et al., 2021). We
detail how mHuBERT-147 differs from HuBERT training, including a) a more complex data up-
sampling strategy, and b) replacing the original k-means implementation with the efficient faiss
(Douze et al., 2024) Inverted File Index (IVF) — drastically increasing labeling speed.

Two-level language-source up-sampling: To optimize for exposure to different languages
and data sources during training, we employ two-level up-sampling during multilingual batching.
Let N be the total number of examples in the training set, with n; corresponding to the count for
language /. The sampling probability for /is P; « (%)a’ where « is a hyper-parameter in [0, 1]; with
a = 1 resulting in no up-sampling, and lower values resulting in higher probabilities for under-
represented languages. For each epoch, we sample N times from the probability distributions P;.
In this way we reach a quantity B; of examples selected per language /. We sample B; utterances by

considering varied data sources (datasets). The probability of sampling an utterance of / from data

. S
source x is given by P, o (”’rfl")) , where n;(x) corresponds to the number of examples of language

[ from data source x, and 8 is a hyper-parameter in [0, 1]. We sort the N selected utterances by
length before batching, to minimize random cropping.

Faiss clustering: We use faiss-based (Douze et al., 2024) k-means clustering for faster label
assignment. This library facilitates efficient similarity search and clustering of dense vectors. We
cluster using Inverted File Index (IVF) with the following setting: OPQM_D, IVFK_HNSW32,PQMx4fsr,
that we now detail. 3

3 More information can be found at: https:/github.com/facebookresearch/faiss/wiki/The-index-factory
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e “OPQMD, ..,PQMx4fsr” is used for indexing RAM usage. This option optimizes vector rep-
resentation by rotation and then performs input vector projection into dimension D. Product
quantization (PQ) is then applied to hash the vectors into M 4-bit codes, resulting in the
storage of M/2 bytes per vector. We use M = 16, D = 64.

e “..,IVFK HNSW32,..” denotes the indexing itself. IVF performs coarse quantization via
an efficient implementation of k-means. This option uses Hierarchical Navigable Small
Worlds (HNSW) graphs for cluster assignment, with 32 being the number of links per vertex.
In practice, this greatly speeds up clustering (5.2x faster than Hsu et al. (2021)).

3.2.2 Experiments
ML-SUPERB Evaluation

For evaluating the quality of the multilingual representations learned by mHUBERT-147, we use the
ML-SUPERB benchmark (Shi et al., 2023a). This benchmark comprises two settings: 10min and
1h; and four tasks: monolingual ASR; multilingual ASR, LID, and joint multilingual ASR and
LID. The monolingual setting constitutes 13 (language, domain) pairs, while the multilingual one
has 240 pairs across 143 languages in total — of which 123 and 20 constitute the normal (10min/1h
per language) and few-shot (5 utterances per language) evaluation settings respectively. The ar-
chitecture consists of learnable weights over the frozen SSL features, a CNN for reducing feature
dimensionality by a half, and two Transformer layers (dim = 256; 8 attention heads). In line with
the official guidelines,* we only tune the learning rates (best of 10°;10*; 10%) on the validation
set. Due to the high compute costs of evaluating on this benchmark, we do not retrain the other
submissions we compare against and instead reuse the leaderboard scores from Shi et al. (2023b).
Therefore, we are unfortunately unable to provide confidence intervals, as these were not origin-
ally requested by the benchmark organizers. We also recompute the global SUPERB scores for all
models following Shi et al. (2023a), since this metric leverages SOTA scores for normalization,
and our model achieves new SOTA for two tasks (bold values in Table 2).

Table 2 presents results for the 10min/1h settings. The current SOTA models from (Shi et al.,
2023b) are shown at the top (NWHC models are variants of MMS-300M). Other relevant multi-
lingual SSL. models are displayed in the bottom portion: MMS-300M; XLS-R-300M, and the best
WavLabLLM model from (Chen et al., 2023b) (136 languages; 40K hours).> We omit XLSR-53
results as these are consistently worse than XLS-R (Shi et al., 2023a). Looking at the bottom rows,
we note that mHUBERT-147 outperforms the XLS-R and WavLabLLM models across all tasks. Com-
pared to MMS-300M, our model is only surpassed in the Monolingual ASR 10min, and few-shot
ASR+LID 10min/1h tasks. Against the current SOTA (top rows), we see that mMHUBERT-147 is
again very competitive, despite being trained on much lesser data. We also set new SOTA ACC
scores for LID 1h and Multilingual ASR+LID 10min, ranking second on the ML-SUPERB lead-
erboard, while being much more compact than all other models.
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Monolingual ASR Multilingual ASR LID Multilingual ASR + LID
normal normal few-shot normal normal normal few-shot

SSL # Params CER (]) CER () CER () ACC (D) ACC (1) CER () CER () SUPERB; (1)
MMS-1B 965M 33.3/25.7 21.3/18.1  30.2/30.8 | 84.8/86.1 | 73.3/748 26.0/255 25.4/24.8 | 985.8/950.7 (1st)
NWHCI1 317M 39.5/30.5 289/21.5 414/386 | 67.1/874 | 77.1/90.6 28.8/21.5 40.3/382 776.3 /879.6
NWHC2 317M 39.5/30.5 293/21.6 42.0/393 | 644/88.1 | 774/90.6 284/21.8 41.5/38.8 761.8/876.0
mHuBERT-147 95M 359/276 | 254/225 342/338 | 74.8/90.1 | 81.0/89.0 263/23.6 339/344 | 897.2/928.5 (2nd)
MMS-300M 317M 33.8/30.5 28.7/24.0 36.5/36.5 | 62.3/843 | 71.9/743 31.5/30.0 30.9/29.2 | 826.7/846.8 (3rd)
XLS-R-300M 317M 39.7/30.6 292/22.0 409/393 | 66.9/879 | 55.6/85.6 284/229 42.1/424 732.4/853.1
WavLabLM-large-MS 317M 40.5/32.8 37.8/31.9 438/42.8 | 71.7/81.1 | 70.8/80.0 37.0/322 43.4/41.2 709.4/743.4

Table 2: ML-SUPERB 10min/1h results. Current SOTA is shown on the top portion of the table, our
submission is shown in the middle, other relevant multilingual models are presented below it.
Updated SOTA scores for each metric are presented in bold.

General | WE EE CMN SSA SA SEA (CJK

L
S8 Avg 98) | (249 (16) (11 200 @12 @y 4)
MMS-1B 8.4 ‘ 6.6 4.9 7.4 10.6 8.1 10.5 19.4
MMS-300M 24.1 18.0 8.1 349 245 220 269 924

XLS-R-300M 25.1 176 9.1 30.6 28.1 254 307 87.0
mHuBERT-147 24.1 206 121 14.7 244 309 258 932

Table 3: FLEURS-102 CER (|) geographic group averages, with number of languages between par-
entheses.

FLEURS-102 Evaluation

We complement ML-SUPERB evaluation by training monolingual ASR models on the FLEURS-
102 dataset (Conneau et al., 2023), competing with XLS-R and MMS (300M/1B). In this full
fine-tuning few-shot setting, we add a feedforward NN as the CTC layer on top of the pre-trained
stack, optimizing the resulting model for ASR using approximately 10 hours of speech. Thus, un-
like the experiments in the previous section, here, larger models will have the advantage of having
more parameters for adaptation. With these experiments we want to illustrate that in this unfavor-
able setting, mHUBERT-147 can still be competitive, while being faster at training and inference
time. We implement monolingual ASR using the transformers library (Wolf et al., 2020a). All
models were trained for 30 epochs on fp16 using V100-32GB GPUs. Since individual language
optimization would be prohibitively costly for this dataset, we select a subset of 29 languages,
covering the different geographic groups, and optimize parameters using XLS-R. We use 107 as
learning rate, warm-up ratio of 0.1 and dropout of 0.1 (300M and 1B) or 0.3 (95M). The increased
dropout for the latter is due to the ASR models being considerably smaller (70% less params.).
We train two models per language with different seeds, adding up to four runs in cases of high
variability in scores (> 20 CER). We apply MMS transcript normalization (Pratap et al., 2023),
reporting CER averages over the two best runs. We exclude four languages for which all models
failed to converge: Hebrew, Tamil, Sindhi, Welsh.

Table 3 presents results grouped by FLEURS-102 geographic groups: Western Europe (WE);
Eastern Europe (EE); Central-Asia/Middle-East/North-Africa (CMN); Sub-Saharan Africa (SSA);
South-Asia (SA); South-East Asia (SEA); Isolates (CJK). The results illustrate the impressive im-

4 https://github.com/espnet/espnet/tree/master/egs2/ml_superb/asr1
> We highlight that although XLS-R and MMS are referred in the literature as “300M”, the correct parameter count is
317M.
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pact of capacity on few-shot adaptation. While MMS-300M and 1B models score similarly on
ML-SUPERB, here we observe a considerable gap between them. This impact is more evident
when looking at results for languages with very large vocabularies (e.g. CJK: Chinese, Cantonese,
Japanese and Korean), in which all smaller models failed to properly train. We find that in these
cases, adding capacity (more hidden layers) or better language-specific hyper-parameters tuning
were solutions that would allow us to reduce most of this performance gap between 300M and
1B models. For instance, for MMS-300M, by increasing the learning rate, we were able to reach
an average CER of 46.2 for CJK (2x better). Since we could not perform this hyper-parameter
search for all other languages and models, we do not present these results here, only highlighting
the challenge of hyper-parameter search for FLEURS-102.

Finally, across FLEURS-102, we observe that mHUBERT - 147 is competitive against models 3 times
larger: its general CER average over the 98 languages is the same as MMS-300M, and lower
than XLS-R (-1 CER). We measured training and inference efficiency across three runs and two
languages (English and Kannada) in exclusive node execution mode. We find that mHUBERT-147,
which has 70% less parameters, is respectively 1.8 and 3 times faster to train on average than 300M
and 1B models. For test inference, our model is respectively 1.4 and 2 times faster on average than
300M and 1B models. Moreover, we highlight that, due to its reduced parameter size, our model
is the only one able to perform training for languages with larger vocabulary (= 1000) on a 24GB
GPU. These results highlight our model as a compact but powerful solution for speech processing
applications.

This model is part of an Interspeech 2024 paper submission. Due to their anonymity rules, we
do not share the models and scripts for now. Everything will be made publicly available after the
06/06/2024.

4 Task T3.2: Efficient Training

Proposal

“Neural network training requires significant computational resources, especially for the extremely
large models trained on huge amounts of data such as GPT-3. We will explore several venues for
reducing the computational requirements. We will continualy improve the codebase that we use
to make sure we take advantage of the most recent hardware improvements. We will experiment
with lower precision training in order to make more efficient use of the available hardware. Finally,
we will look at more efficient use of the available training data as noisy data not only increases
training time but also decreases model accuracy.”

Work Completed

For the first half of this project, we concentrated our efforts on training efficiency for speech mod-
els. In this report we present work on distillation for ASR, and on a regularization approach for
efficient speech translation training.
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4.1 Multilingual DistilWhisper: Efficient Distillation of Multi-task Speech Models via
Language-Specific Experts

Whisper (Radford et al., 2023) is a multitask and multilingual speech model covering 99 languages.
It yields commendable automatic speech recognition (ASR) results in a subset of its covered lan-
guages, but the model still underperforms on a non-negligible number of under-represented lan-
guages, a problem exacerbated in smaller model versions. In this work, we propose DistilWhisper,
an approach able to bridge the performance gap in ASR for these languages while retaining the
advantages of multitask and multilingual capabilities.

Our approach involves two key strategies: lightweight modular ASR fine-tuning of whisper-small
using language-specific experts, and knowledge distillation from whisper-large-v2. This dual
approach allows us to effectively boost ASR performance while keeping the robustness inherited
from the multitask and multilingual pre-training.

Through extensive experiments on a diverse set of languages we demonstrate the effectiveness of
DistilWhisper compared to standard fine-tuning or LoRA (Hu et al., 2021) adapters. Our light-
weight ASR fine-tuning approach based on CLSR modules generalizes better than LoRA, and the
introduction of KD further boosts results in both in- and out-of-domain test sets. We perform ad-
ditional ablation studies showing our approach can cope with different amounts of training data.
Finally, we demonstrate that the flexibility introduced by the gating mechanism equips DistilWhis-
per with an efficient adaptation approach, leveraging the LS modules only when those are relevant.

We believe that such architecture would make usage of Whisper models accessible to a larger
amount of researchers and practitioners since it allows to boost the performance of a low-inference
cost model by 35.2% using only 14 h of training data. We make available the models’ weights®
and code’ developed in this work.

4.1.1 DistilWhisper Architecture

With the goal of increasing performance for different languages in models of limited capacity,
we propose the DistilWhisper approach: we plug conditional language-specific routing (CLSR)
modules (Zhang et al., 2021) into a small Whisper (whisper-small), and optimize these modules
jointly on ASR fine-tuning and KD from a larger Whisper (whisper-large-v2).?

CLSR module. We extend CLSR modules for the first time to the speech domain. This module
learns a hard binary gate g(-) for each input token by using its hidden embedding z'. These decisions
enable a layer to selectively guide information through either a LS path denoted as 4'“"¢ or a shared
path referred to as 4*"¥*?, as in Eq 1. In contrast to the original CLSR, in this work we use LS
gates as shown in Figure 2, instead of sharing them across languages. This allows us to train LS
components individually (i.e. in parallel), and then only load the relevant modules at inference.
Moreover, our approach also differs from the original CLSR by the positioning: supported by
previous work (Zhang et al., 2021; Pfeiffer et al., 2022), we limit CLSR to the feed-forward, which
we also replace entirely by the CLSR module, reducing further the number of parameters. Gating
follows (Zhang et al., 2021): each gate g(.) is made by a two-layer bottleneck network, which is
summed to an increasing zero-mean Gaussian noise during training in order to discretize it. At

® Available at: https://huggingface.co/naver.
7 Code available at: https:/github.com/naver/multilingual-distilwhisper.
8 We highlight that at the time of this publication, whisper-large-v3 was not yet released.
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Figure 2: The DistilWhisper optimization approach (left), and its architecture (right). The feed-forward
is replaced by a CLSR module, where the LS gates (g) learn to alternate between the pre-
trained frozen multilingual representation and the LS layer.

inference time, we adopt hard gating.

CLSR(Z) = g(z) - H"(2) + (1 = g() - B"*(2). €]

DistilWhisper approach is detailed at Figure 2. Our student is enriched with CLSR modules at
each feed-forward for each language. These CLSR layers are initialized from the frozen weights
of the corresponding feed-forward layer. At training time, for each language the model updates
only the corresponding LS layers and gates. At inference time, the model loads the shared lay-
ers (multilingual) and the LS modules and gates for the languages of interest, resulting in a limited
parameter overhead. We highlight that the use of CLSR modules brings more flexibility to our
architecture when compared to adapters, as it allows for routing at the token-level. This makes
this approach more capable of leveraging pre-existing knowledge (shared frozen module) via LS
gating activation.

4.1.2 Experiments
Experimental Setup

Datasets: We downsample the train and validation sets of the CommonVoice 13.0 (CV-13) data-
set (Ardila et al., 2020), using equal amounts of training data for each selected language: 10k ut-
terances for training (approx. 14 h), 1k for validation. Data selection depends on the amount of up-
votes utterances received by annotators. We do not downsample the test set. The FLEURS (Con-
neau et al., 2023) dataset is used for out-of-domain evaluation, as it provides both a good language
overlap with CV-13, and an effective out-of-domain setting for ASR evaluation. For instance,
average number of tokens per sample for CV-13 is 36, and 97 for FLEURS.

Language Selection: We consider all Whisper languages with a WER gap of more than 11
between large and small models on CV-13. We then narrow this list considering: 1) minimum
amount of utterances (10k); 2) overlap with the FLEURS dataset. The final list of languages
is: Catalan (ca), Czech (cs), Galician (gl), Hungarian (hu), Polish (pl), Thai (th), Tamil (ta) and
Ukranian (uk).” These languages encompass 5 language sub-families and vary widely in terms of
coverage in the Whisper training set, spanning from 4,300 h (pl) to just 9h (gl).

Models: We compare our approach to both whisper-small (pre-trained student) and whisper-
large-v2 (teacher) models, as well as two approaches of fine-tuning (FT) for the student: stand-
ard fine-tuning (all weights are updated), and LoRA adaptation on top of the feed-forward layer.

9 Although Arabic would also qualify considering our criteria, we find that the dialect from FLEURS differs from the
ones present on CV-13.
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FLEURS CV-13 FLEURS (out-of-domain) CV-13 (in-domain for FT only)
#params avg avg ca cs gl hu p! ta th uk | ca cs gl hu p! ta th  uk
whisper-large-v2 1.5B 12.5 14.9 56 143 166 179 59 193 122 8.1 | 169 144 189 187 80 173 92 155
whisper-small 244M 28.3 314 14.6 404 327 43.0 16.7 36.0 228 20.5]|30.1 384 355 456 18.6 30.0 203 323
whisper-small+FT 244M 23.3.006 163w | 155 31.0 169 36.7 220 227 156 259 |13.7 205 113 24.1 163 13.6 74 234
whisper-small+LoRA-FT  379M 24.9.00 182w | 17.6 369 182 41.6 259 152 11.7 31.8 | 140 23.7 127 28.0 212 120 79 264
whisper-small+CLSR-FT  369M 234w 16300 | 157 305 172 369 228 227 156 258 |14.1 203 11.6 243 16.1 133 74 234
DistilWhisper 369M 22.8.00  16.0-00¢ | 153 302 16.7 369 214 21.8 151 249 |13.8 20.0 11.8 24.0 159 126 7.2 231

Table 4: WER (]) with dataset averages (avg) for baselines (top), adaptation approaches (middle),
and our method (bottom) for in-domain (CV-13, FT only) and out-of-domain (FLEURS, all)
test sets. Best results for whisper-small in bold.

Train FLEURS CVv-13 FLEURS CV-13
size avg avg ca ta th ca ta th

whisper-small+CLSR-FT 3k 20.5+0.17 15.0z007 | 179 256 180 | 190 164 98
DistilWhisper 3k 20.2z0.13  14.6x008 | 174 255 17.7 | 187 157 9.6

whisper-small+CLSR-FT 10k 18.0+0.25 11.6x001 | 157 227 156 | 141 133 74
DistilWhisper 10k 17.4=0.13 112008 | 153 21.8 151 | 13.8 126 7.2

whisper-small+CLSR-FT 28k 15.7x0.15 9.5+0.13 135 198 139 | 11.3 113 6.0
DistilWhisper 28k 15.5:0.03 9.3:0.06 133 193 137 | 11.3 110 57

Table 5: Average WER (|) for different training data sizes (3k, 10k, and 28k utterances) for in-
domain (CV-13) and out-of-domain (FLEURS) test sets. Best results in bold.

Finally, we also investigate the impact of the CLSR layer without the use of KD (CLSR-FT), de-
coupling the effect of KD from the flexibility offered by the routing mechanism on the consequent
robustness of the model.

Implementation: We train all models using the Transformers library (Wolf et al., 2020b), and
make use of whisper-small and whisper-large-v2 pre-trained weights from HuggingFace.'°
All models are trained for 10 epochs using learning rate 10~* with linear decay, one epoch warm-
up, batch size 16, and label smoothing factor 0.1. For LoRA, we use the hyperparameters proposed
by (Wang et al., 2023a). For CLSR training we set gate budget b = 0.5 and skip-gate probability
s = 0.2. For KD we employ JS divergence with temperature 7 = 1, weighted such as the learning
objective is L = Lcg + L, + 2Lgp. We report normalized WER using the Whisper normalization
with a slight modification to avoid splitting numbers and latin-scripted text into individual char-
acters in languages that do not use space delimitation (th). In all cases, the best model is chosen
based on WER on the down-sampled CV-13 validation set.

Results

We conduct training for each setting using three distinct seeds and present the average scores.
Table 4 presents our results. The top portion presents whisper-large-v2 (upper bound) and
whisper-small (lower bound) pre-trained scores. The middle portion presents standard fine-
tuning (FT) and LoRA adaptation at the feed-forward layers (LoRA-FT). Our results are presented
in the bottom: CLSR-FT corresponds to the setting without Lxp, while DistilWhisper is the com-

Ihttps://huggingface.co/openai/
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plete setting in which both CLSR and KD losses are leveraged.

DistilWhisper versus other adaptation approaches. For whisper-small, we observe that both
FT and LoRA-FT approaches (middle portion of Table 4) are able to improve performance on both
in- and out-of-domain test sets. However, for FT this boost in performance comes with the cost of
language specialization. In contrast to that, LORA-FT is a light adaptation technique that does not
modify the pre-trained representation. This method increases performance on both in-domain (avg
-13.1) and out-of-domain (avg -3.5) test sets compared to whisper-small. DistilWhisper further
improves performance over whisper-small (avg -15.3) and LoRA-FT (avg -2.2) for in-domain
data. It also presents better out-of-domain adaptation capabilities compared to LoRA-FT (avg -
2.1).

Impact of knowledge distillation. We observe that DistilWhisper on average outperforms all
other adaptation approaches (FT, LoORA-FT) for in- and out-of-domain test sets (bottom portion of
Table 4). Comparing our models (CLSR-FT and DistilWhisper), we observe that the version with
KD (DistilWhisper) exhibits a slight increase in average in-domain performance (-0.3). In out-of-
domain settings, this model consistently outperforms CLSR-FT across all languages (avg -0.6),
which confirms our initial hypothesis that the KD loss leverages the robustness from the teacher
into the final model. Overall, these results highlight the effectiveness of our proposed architec-
ture: we were able to reduce the out-of-domain performance gap between whisper-large-v2
and whisper-small by 35.2% (avg -5.5) with a parameter overhead at inference time of only
10% (25 M).

Effect of training data size. We now show the effectiveness of our approach on lower and higher
data resource settings. For this, we select a subset of languages for which we find more training
data available on CV-13 (ca, th, ta). Table 5 presents results for our approach in low (3k utter-
ances; ~4h), and higher-resource settings (28k utterances; ~40h), compared to the 10k results
from Table 4. We observe that, as expected, increasing the amount of trainable examples leads
to superior ASR performance for both approaches, with the leveraging of KD (DistilWhisper) be-
ing consistently superior to CLSR-FT. For the 28k setup (ca, th, ta), we are able to reduce the
out-of-domain WER gap between whisper-large-v2 and whisper-small by 75% (from 12 to
3 WER).!! For the 3k setup, we reduce the WER gap by 35.8% using only 4 h of training data.
This implies that our approach has the potential to improve ASR performance across low-resource
languages for which less training data is available.

A full description of the work can be found in our paper (Ferraz et al., 2024). It will be published
at IEEE ICASSP 2024 conference (April 2024). Model weights!? and code for training and infer-
ence'® are made available to the community.

4.2 Efficient CTC Regularization via Coarse Labels for End-to-End Speech Translation

Developing techniques to support the translation from a source-language audio to a target-language
text directly, or end-to-end (E2E) speech translation (ST), has attracted increasing attention re-
cently due to its potential of reducing translation latency and avoiding error propagation (Duong
etal., 2016; Bérard et al., 2016). However, solving this task is non-trivial because of the speech-text

'whisper-large-v2 and whisper-small avg FLEURS scores for ca, th, ta are respectively 12.5 and 24.5.
https://huggingface.co/collections/naver/multilingual-distilwhisper-6576ecae8d209fc6a767d9e7
Bhttps://github.com/naver/multilingual-distilwhisper
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modality gap: one word corresponds to a stochastic sequence of speech signals that vary greatly
across speakers and over contexts, which increases the learning difficulty. Recent progress on E2E
ST mainly focuses on bridging this gap through the encoder-decoder framework from diverse per-
spectives (Di Gangi et al., 2019; Salesky et al., 2019; Zhang et al., 2020; Wang et al., 2020; Han
et al., 2021; Zheng et al., 2021).

CTC regularization is such an approach that facilitates the modeling of translation by aligning
speech representations from the encoder with discrete labels dynamically via the lens of the Con-
nectionist Temporal Classification (CTC) objective (Graves et al., 2006). Bahar et al. (2019) first
examined the use of the source transcript as discrete labels, improving translation quality con-
sistently across various ST settings; Zhang et al. (2022) further discovered that using the target
translation as labels instead can also be surprisingly effective although speech-translation pairs ar-
guably violates CTC’s monotonicity prerequisite. Nevertheless, these successes come at the cost of
increased computational overheads and model parameters because CTC demands an extra predic-
tion layer over its label space for probability estimation and this space is often huge — traditionally
the source or target vocabulary size (Gaido et al., 2020). We thus explore strategies to achieve
the best of both worlds, i.e., improving the efficiency of CTC regularization without hurting its
performance.

We address this problem by reexamining the need for genuine vocabulary labels for CTC. In con-
trast to CTC-based generation (Graves et al., 2006), the prediction layer in CTC regularization of
ST is discarded at inference. In other words, sticking to genuine labels is computationally unne-
cessary. Since the large label space of CTC is a crucial bottleneck hindering training efficiency, we
explore ways of reducing it. We propose Coarse Labeling for CTC (CoLaCTC) ) that manipulates
this space by merging vocabulary labels based on simple heuristic rules. Concretely, we map the
source or target vocabulary to a pseudo label space subject to some predefined size using simple
operations, such as truncation, modulo, division and log-scaling.

Despite the label space being transformed, the generated coarse labels still maintain a strong
correlation with their vocabulary counterparts, ensuring their informativeness for representation
learning. We rigorously examined our method on the MuST-C (Di Gangi et al., 2019) and the
Multilingual TEDx (Salesky et al., 2021) benchmarks, covering 4 source languages and 8 target
languages. Across diverse settings, CoLaCTC successfully achieves comparable or even better
translation performance than the CTC baseline but with significantly improved training efficiency
(up to 1.77x speedup depending on the original vocabulary size). Our main contributions are
summarized below:

e We propose coarse labeling for CTC regularization which offers a mechanism to decouple
the CTC label size from the vocabulary size; with CoLaCTC, a CTC-regularized model can
be trained nearly as fast as a non-CTC model.

e We compare two types of CTC regularization for ST, i.e., using transcript or translation for
labeling, and show that transcript performs better when it is available.

e CoLaCTC delivers promising performance on 4 source and 8 target languages, and also
generalizes to both types of CTC regularization.

e Our empirical analysis reveals that CoLaCTC benefits translation similarly to the CTC
baseline on different aspects, including homophone translation, and seems to improve the
contextualization of speech representations.
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A full description of the work can be found in our paper (Zhang et al., 2023).
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5 Conclusion

In this report we presented the work we conducted during the first one year and a half of UTTER
project in the context of WP3. Future work includes the multimodal integration of the speech
representations learned by mHUBERT-147 into TowerLM. We will also continue working on the
pre-training of useful general-purpose speech and text foundation models. Finally, we will also
continue to investigate methods for efficient training for both speech and textual tasks.
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