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Abstract

Speech is a primary communication interface
for humans, and thus a crucial modality for
large language models (LLMs). Despite this,
the vast majority of open speech-capable LLMs
are developed for and evaluated on a small set
of < 20 high-resource languages, adding to the
already massive inequity of modern language
technology. Massively multilingual speech un-
derstanding is primarily hindered by the limited
amounts of speech training data for most lan-
guages and tasks. For the lion’s share of the
world’s languages, speech datasets for tasks
other than automatic speech recognition (ASR)
simply do not exist. In this work, we by-
pass the sparsity of task-specific speech data
by leveraging text—much more available for
many languages—to enable an LLM to un-
derstand speech input. Our approach, dubbed
Text4Speech, leverages state-of-the-art multi-
lingual pre-aligned text and speech encoders:
we first align the multilingual text encoder to
an LLM using abundant text data and then
further align the speech encoder to the LLM
using a limited amount of speech. In both
steps, we train the alignment parameters via
self-distillation on the LLM. Our evaluation on
three multilingual speech understanding bench-
marks that encompass 90 languages renders
Text4Speech highly effective, yielding average
improvements of up to 6% on Fleurs-SIB over a
very strong ASR-based cascade baseline. Cru-
cially, we show that our text-based alignment
unlocks a highly sample-efficient alignment of
the speech encoder to the LLM.

1 Introduction

As a common and innate vehicle of human com-
munication, speech is arguably the more intuitive
of the two language modalities for interacting with
LLMs. Accordingly, recent years have seen a surge
of interest in speech-capable LLLMs, boasting the
ability to directly process spoken input, e.g., Qwen-
Audio (Chu et al., 2024), Voxtral (Liu et al., 2025),
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Figure 1: The landscape of open-weight speech-capable
LLMs: plotting model size against the number of lan-
guages on which the model was empirically evaluated.

and Gemini (Comanici et al., 2025). These models
unlock a range of applications, from voice assis-
tants and spoken question answering to real-time
speech translation (to speech or to text).

While some of these models (claim to) support
a wide variety of languages, open-weight mod-
els in particular (i) target only ASR and transla-
tion tasks (Barrault et al., 2023; Omnilingual ASR
Team et al., 2025) and/or (ii) are evaluated for a
small set—typically less than 20—of high-resource
languages (Dauvet et al., 2025; Liu et al., 2025).
We illustrate the current landscape of open-weight
speech-capable LLMs in Figure 1, contrasting the
models’ size against the number of languages on
which they were evaluated. The utility and accessi-
bility of speech-capable LLMs are hindered by this
limited set of languages that they (are empirically
shown to) support. Their ability to support a diverse
range of languages for a broad set of speech under-
standing tasks is constrained by the availability of
(task-specific) speech data. Whereas high-quality
text data is available across a wide range of lan-
guages and tasks, annotated speech data remains
comparatively scarce, especially for generally mid-
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resource and low-resource languages (Imam et al.,
2025; Nagano et al., 2025).

In this work, we propose to circumvent this
sparsity of multilingual multi-task speech data by
leveraging the readily available pre-aligned mas-
sively multilingual speech-and-text encoders such
as Seamlessm4T (Barrault et al., 2023). Illustrated
in Figure 2, our proposed approach Text4Speech
first aligns the text encoder of these massively mul-
tilingual models to an LLM, using the abundant
text data. In the second step, we perform a very
lightweight alignment of the speech encoder to
the LLM, using the limited speech data: merely
2000 speech samples from only 10 languages. In
both steps, we train the alignment by means of
self-distillation on the LLLM. We draw inspiration
from the body of work that leverages pre-aligned
audio-and-text encoders (Elizalde et al., 2023) (i.e.,
the so-called CLAP models) to enable LLM-based
audio captioning using (only or predominantly)
text data for alignment training (Kouzelis and Kat-
souros, 2023; Deshmukh et al., 2024; Wang et al.,
2025). The key difference, however, is that the
CLAP models—Ilike the vision-and-language CLIP
encoders (Radford et al., 2021) that inspired them—
are sequence-level encoders that output a single
representation (i.e., embedding) for the whole au-
dio (or text) input. In contrast, speech encoders typ-
ically produce a sequence of speech embeddings
(i.e., “speech tokens”) rather than a single repre-
sentation, aligning with the autoregressive nature
of the LLMs, operating on a tokenized (preceding)
context. This makes aligning speech encoders to
LLMs more challenging.

We thoroughly evaluate Text4Speech: (i) with
two different LLM backbones, (ii) on several
multilingual benchmarks covering translation and
speech understanding—question answering and
classification, (iii) encompassing a set of 90 diverse
languages. This makes our Text4Speech variants
the most multilingually evaluated speech-capable
LLMs, by a wide margin (see Figure 1). The exper-
imental results show that Text4Speech substantially
outperforms both (1) open speech-capable LLMs
of similar size and (2) the intuitive and competitive
cascade approach that resorts to ASR to provide
a text-only input to the (same) LLM. Crucially,
we demonstrate that our text-based alignment un-
locks a highly sample-efficient speech alignment:
Text4Speech largely outperforms the baselines af-
ter being exposed to as few as 2000 speech samples
from merely 10 different languages.

2 Background and Related Work

Speech-Capable LLMs. The great success of
instruction-tuned text-only LLMs expectedly trig-
gered efforts on extending them to be able to pro-
cess input in other modalities, including speech
(Tang et al., 2024; Chu et al., 2024; Hu et al., 2024;
Chen et al., 2024; Ghosh et al., 2025; Goel et al.,
2025; Zhang et al., 2025b). Most speech-capable
LLMs, i.e., LLMs that can process speech input,
heavily rely on transfer learning and share a com-
mon architecture: they align the representations of
an existing, pre-trained speech encoder to an exist-
ing, pre-trained LLM. The parameters of an align-
ment adapter, a feed-forward network that learns to
map the speech embeddings into the input embed-
ding space of the LLM, are trained on speech-text
aligned data; the LLM itself is typically also up-
dated in a parameter-efficient manner, using LoRA
adapters (Hu et al., 2022). To this end, many of
the works resort to the Whisper’s massively mul-
tilingual speech encoder (Tang et al., 2024; Chen
et al., 2024; Chu et al., 2024; Goel et al., 2025).
These open speech-capable LLMs are evaluated
on a small number (< 20) of high-resource lan-
guages (see Figure 1), which is somewhat surpris-
ing, considering (a) Whisper’s support of 97 lan-
guages and (b) the existence of massively multilin-
gual speech understanding benchmarks (Keller and
Glavas, 2025; Schmidt et al., 2025).

Text Training for Audio and Speech Models
The emergence of CLAP (Elizalde et al., 2023),
a model consisting of an audio and a text encoder
with aligned sequence-level representations, trig-
gered the efforts that leverage text data in order
to align the audio encoder to an LLM, for the
purposes of general audio captioning and under-
standing. Kouzelis and Katsouros (2023) performs
automated audio captioning (ACC) with text-only
training. During training, representations are gener-
ated by the CLAP’s text encoder; at inference, the
encoders are swapped, and the model uses the repre-
sentations from the CLAP’s audio encoder. Despite
the CLAP’s pre-alignment of the two encoders on
large corpus of captioned audio, the audio and text
embeddings are still located in different regions
of the embedding space, a phenomenon known as
the modality gap. To mitigate the modality gap,
Kouzelis and Katsouros (2023) couple an affine
shifting of the (mean of the) audio embeddings to-
wards the (mean of) text embeddings with a special-
ized decoding strategy. Other text-only AAC ap-
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Figure 2: Illustration of Text4Speech. (D Aligning the text encoder of SeamlessM4T to the backbone LLM using a
multilingual text-based instruction-tuning mix; the pre-alignment of the speech and text encoder of SeamlessM4T
allows us to treat its text embeddings as pseudo-speech. (2) Aligning the SeamlessM4T speech encoder to the
backbone LLM by fine-tuning the alignment adapter learned in the previous step on limited-size multilingual ASR
data. In both steps, we train via self-distillation, with the frozen backbone LLM as the teacher.

proaches utilize Gaussian noise and a linear adapter
to bridge the gap between text and audio embed-
dings (Deshmukh et al., 2024), projection-based
decoding in combination with a retrieval system
that provides similar captions (Li et al., 2025), or
rely on soft and hard prompts (Zhang et al., 2025a).
Wang et al. (2025) extend this from audio caption-
ing to an audio-language LLLM capable of a variety
of tasks. All of these approaches rely on CLAP’s
pre-aligned text and audio encoders, which produce
sequence-level embeddings, i.e., a single embed-
ding for the entire input. The aggregated sequence-
level representations make them apt for general
audio, but inherently unfit for aligning speech to
LLMs, where encoding of fine-grained semantic
meaning of what was said is required.

TASU (Peng et al., 2025) uses an audio/speech
encoder that outputs a sequence of audio embed-
dings. They use the corresponding tokenizer as
the text encoder and modify the text embeddings
via insertions, deletions, and noise to imitate the
Label Synchronous Decoding posterior distribution
of the audio encoder. While they report compet-
itive ASR performance for English, they do not
attempt to train a general-purpose speech-capable
LLM. Speechless (Dao et al., 2025) introduces a
text-only training strategy to align a speech encoder
to an LLM, however, it requires extensive (>100h)
training of an encoder that mimics the speech repre-
sentations on ASR data. Similarly, LegoSLM (Ma
et al., 2025) aligns a speech encoder to the LLM by
mapping the encoder output to the token distribu-
tion using CTC. This mapping requires extensive
training on ASR data. TESU-LLM (Kim and Ko,

2025) aligns Seamless encoder and decoder to an
LLM. The decoder autoregressively decodes the
sequence; thus, essentially much more similar to
running ASR followed by an LLM on the text out-
put. Fang et al. (2025) address a different scenario.
They assume that the speech encoder is already
aligned to the LLM and show that text data for new
domains transfers to speech as well, meaning that
training on text-only data from a new domain also
improves the speech capabilities in that domain.
AlignFormer (Fan et al., 2025) adapts the mapping
from speech encoder to LLM to reduce the length
mismatch between text and speech sequences.

3 Textd4Speech: Text-Based Training for
Speech Understanding

The central idea of Text4Speech, as illustrated in
Figure 2, is as follows: we exploit the represen-
tational pre-alignment of the text and speech en-
coder of the massively multilingual translation-and-
ASR models, such as SeamlessM4T (Barrault et al.,
2023), to align the speech encoder to LLM primar-
ily using abundant multilingual task-mix data, with
the text encoder as the mediator of that alignment.
If the two encoders were “ideally” (pre-)aligned,
one could simply learn to align the text encoder
to an LLM, using only text data, and then swap
it with the speech encoder at inference time. In
reality, the pre-trained encoders still exhibit a sig-
nificant modality gap (see Figure 8), preventing
such zero-shot swapping. We thus carry out the
alignment in two stages:

@ We align the SeamlessM4T’s multilingual zext
encoder to a backbone LLM, using a multilingual

55113



instruction-tuning mix; the text-only data required
for this training step is abundant.

(@ We then mitigate the modality gap by aligning
the SeamlessM4T’s multilingual speech encoder to
the LLM, using small-sized ASR data.

The alignment of the speech encoder in the sec-
ond step is highly sample-efficient due to: (a) the
pre-alignment of the speech and text encoder, and,
crucially, (b) our initialization of the alignment
adapter for the speech encoder with the parame-
ters of the alignment adapter of the text encoder
(see the dashed arrow in Figure 2), obtained in the
first step. The second training step thus merely
fine-tunes the alignment adapter learned on text
data only, to account for the modality gap between
the SeamlessM4T’s encoders. Notably (see §4),
Text4Speech yields substantial empirical gains for
many low-resource languages only seen in (O, for
which no speech data was used in (2), validating
the intended modality-gap-mitigating nature of ).

3.1 Aligning the Text Encoder

We make use of large-scale, massively multilingual,
and openly available text-only datasets to align the
SeamlessM4T’s text encoder (TE) to a backbone
LLM. This alignment step might seem redundant at
first glance, since the LLM can already process text
input. Our goal, however, is not to align the TE to
the LLM. Instead, the TE here serves as a stand-in
for its corresponding speech encoder (SE); we aim
to capitalize on the fact that their representation
spaces have been pre-aligned via massively multi-
lingual ASR and translation training (Barrault et al.,
2023). Thus, we term the text passed through the
SeamlessM4T’s TE pseudo-speech, to distinguish
it from text processed by the LLM’s tokenizer.

We can align the TE to an LLM using the abun-
dant multilingual text data, whereas directly align-
ing the SE to the LLM would require a large, mas-
sively multilingual speech-text task-mix, which is
much more difficult to obtain. We align the TE
to the LLLM via an alignment adapter, a trainable
multi-layer feed-forward net. The task of the align-
ment adapter is to learn to transform the output
embeddings from the TE into the input embed-
ding space of the LLM. Conveniently, the backbone
LLM processes text input too and can thus directly
serve as a teacher in a self-distillation training pro-
cedure. We train the student model to produce
the labels generated by the frozen teacher. Let =
and ' be the sequences of tokens produced from
the given text instance by the LLM’s and TE’s

tokenizers, respectively, let ¢ be LLM-tokenized
sequence of tokens of the task description, and
y = {y1,v2,...,yn} the reference response text
consisting of n tokens. Our self-distillation training
loss (for one example), is then given as follows:

n
Liext = Z KL(ReaCher(yi | x,t, {y}z)il)

=1 i
HPstudent(yi ’.T,, t,{y}é 1))

where KL denotes the Kullback-Leibler divergence,
the teacher is the frozen backbone LLM, i.e.,
Preacher = LLM(z, ¢, {y}éﬁl)); and the student is
the same LLM (*with LoRA adapters), but with the
token embeddings produced by the composition of
the SeasmlessM4T’s TE (with its own tokenizer)
and the corresponding alignment adapter MLPT:
Pyudent = LLM*(MLPr (TE(2')) , ¢, {y}5 ).

Training Tasks. We train the text alignment
adapter and the LLMs’ LoRAs on three groups
of training tasks: (i) standard massively multilin-
gual prompt-response instruction-tuning, (ii) ma-
chine translation, and (iii) repetition and paraphras-
ing of the input text. The repetition is meant
to mimic ASR, i.e., transcription of speech into
text, which is commonly used for training speech-
capable LLMs. In our case, the student LLM re-
ceives pseudo-speech, that is, text input processed
with SeamlessM4T’s text encoder, which—due to
SeamlessM4T’s pre-alignment—is meant to mimic
the output of its speech encoder, but with text as
the input. Forcing the LLM to repeat the text input
to the SeamlessM4T’s text encoder thus trains the
LLM for fine-grained semantic understanding of
the pseudo-speech tokens, i.e., embeddings output
by the TE. This, assuming sufficient alignment be-
tween the pseudo-speech embeddings (i.e., output
of the TE) and real speech embeddings (i.e., out-
put of the SeamlessM4T’s speech encoder, SE),
will increase the LLMSs’ ability to understand true
speech tokens (output of SE). The shortcoming of
repetition is that it is too easy a task for the teacher
model, leading to low entropy of Pieacher and thus
limited information gain for the student. To rem-
edy this, we task the LLM with paraphrasing the
text that was input to the TE instead of repeating
it; Ppara 1 the probability with which we replace
repetition with paraphrasing in this training phase.

3.2 Speech Alignment

In the second step, we explicitly align the Seam-
lessM4T’s SE to the LLM. The goal is to miti-
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gate the modality gap between the SE and TE so
that we can benefit from prior large-scale multilin-
gual TE alignment: this way, we hope to remove
large-scale massively multilingual speech data as
a precondition for obtaining performant multilin-
gual speech-capable LLMs. To benefit from our
multilingual TE alignment, we initialize the align-
ment adapter for the SE with the parameters of
the previously learned adapter of the TE. We then
use a small-scale ASR dataset to fine-tune the SE’s
adapter and LLM’s LoRAs. This adjusts the ex-
pensively trained text alignment, carried out on
pseudo-speech representations, for actual speech
representations, which, due to the modality gap, are
initially located in a different subspace of Seam-
lessM4T’s representation space.

Analogous to the TE alignment phase, we train
on a mixture of exact speech transcription and
paraphrasing (ratio determined with the probabil-
ity ppara), again via a self-distillation objective.
Self-distillation has an advantage over, for instance
supervised fine tuning, when the goal is sample-
efficiency, since matching the teacher’s full output
distribution represents a richer training signal than
enables more sample-efficient training. This time,
however, we have two students: (1) the pseudo-
speech student from the (1) alignment and (2) the
speech student, which is the LLM aligned to the
SE. We include (1) to ensures the alignment of
the encoders to the LLM stays compatible with
pseudo-speech input so that the capabilities learned
on pseudo-speech will transfer to speech. This loss
is reducing the risk of catastrophic forgetting and
overfitting to the ASR task. Let s be the sequence
of speech tokens, output of the SE, and z and 2’
be the token sequences of the corresponding text
(e.g., transcription of the speech), obtained with
the LLM’s and TE’s tokenizer, respectively (as be-
fore); let ¢ be task instruction tokens. The loss is
then KL(P,|| Ppeeeh) + KL( P Pext), With:

P = LLM(z, 1, {y}5 ),
Pexe = LLM*(MLPr (TE(2, 1)) , {y}o~ 1)),
Paeesn = LLM#*(MLPs (SE(s)) ,t, {y}5");

where * indicates the LLM with LoRA adapters,
and MLPg the alignment adapter of the SE. The
LoRA adapters (shared between the students) and
the parameters of MLPg (initialized from MLPr)
are the only trainable parameters in this phase. The
MLP and LoRA are initialized from the text stage
to use the pre-aligned representations and increase
the sample-efficiency of the speech training stage.

4 Evaluation
4.1 Experimental Setup

Training Data. To align the TE, we train on three
types of tasks (see §3.1). For (i) repetition and
paraphrasing, we source Wikipedia text across
78 languages that are supported by Seamless. For
(ii) translation, we use FineTranslations corpora
(Penedo et al., 2026), sampling instances that cover
92 languages. For each language X, we train by
translating 20% of instances from English to X and
the remaining 80% from X to English. Finally, we
use (iii) the general-purpose massively multilin-
gual instruction tuning dataset Aya (Singh et al.,
2024), spanning 65 languages. We provide a de-
tailed language breakdown of our training corpora
in Table 8 in the Appendix. For SE alignment, we
exclusively train on ASR data (see §3.2): unless
specified otherwise, we sample 10K instances from
the FLEURS dataset (Conneau et al., 2022) across
10 languages: English, German, French, Chinese,
Korean, Vietnamese, Japanese, Russian, Turkish,
and Swahili. In both alignment steps, we randomly
sample whether the instance is to be repeated (for
SE alignment, transcribed) or paraphrased, with
Dpara as the probability of choosing paraphrasing.

Backbones and Training Details. We align the
TE and SE of the Seamless M4T v2 large (Bar-
rault et al., 2023) to two instruction-tuned LLM
backbones: Qwen-3 4B (Yang et al., 2025) and
Gemma-3 4B (Team et al., 2025). In both align-
ment steps, we train for 1 epoch on the respective
training mix. The alignment adapters are three-
layer MLPs with Swish activation, and the LLM is
efficiently fine-tuned with LoRA adapters of rank
r = 8. Based on results from preliminary experi-
ments, we set Ppqrq t0 0.6 in TE alignment, and to
0.8 in SE alignment. We provide further details on
hyperparameters in the Appendix B.1.

Baselines. 1) Cascades. Our primary baselines are
the cascades of ASR and (text-only) LLMs, which
use exactly the same models as our Text4Speech
variants: (1) the full Seamless-M4T (i.e., speech
encoder and text decoder) to transcribe speech into
text, then forwarded to (2) Qwen or Gemma to per-
form the task: we denote these with Qwen/Gemma-
ASR. This cascade approach is common in practice;
for languages with strong ASR performance, it rep-
resents a very competitive baseline.! To estimate

'The cascade is significantly more computationally expen-
sive than Text4Speech: next to speech encoding, it additionally
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Fleurs-Belebele Fleurs-SIB SpeechTaxi AVG

eng other eng other eng other all
Model #P M n=1 n =83 n=1 n =89 n=1 n =17 n =90
Qwen 2.5 7B Omni 7B S 91.7 499 87.0 58.0 46.9 31.0 46.9
Voxtral Mini 3B 3B S 81.7 51.5 84.7 69.2 45.7 46.0 55.7
Qwen3 4B - Oracle 4B T 91.8 69.242.0 87.0 769416 63.0 42.643.3 63.4
Qwen3 4B - ASR 6B S 91.6 65.112.1 88.1 764116 58.0 38.842.8 60.6
Text4Speech-2K 5B S 91.4 642491 89.3 791424 60.5 48.8.1 2.7 64.4
Text4Speech-10K 5B S 91.6 651121 88.7 8241 61.7 4734197 65.3
Gemma3 4B - Oracle 4B T 87.3 66.541.5 85.9 789410 61.7 440408 63.6
Gemma3 4B - ASR 6B S 85.9 6294116 85.9 77.5+1.2 46.9 369426 59.4
Text4Speech-2K 5B S 83.6 592415 87.0 79.8.153 60.5 47.015 7 62.4
Text4Speech-10K 5B S 83.5 59.249.4 87.6 79.5411 58.0 45.042.9 61.6

Table 1: Performance of Text4Speech on massively multilingual SLU benchmarks for two LLM backbones, Qwen3
and Gemma3. “-ASR” denotes the respective cascade (ASR+LLM) baseline and “-Oracle” the LLM’s performance
on ground-truth speech transcriptions. We report scores for smaller (2K speech samples) and larger (10K speech
samples) SE alignment training in step @) of Text4Speech. T=Text and S=Speech indicate the modality (M) of the
input. The subscript marks the standard error across languages and the best results on speech input in each column

are marked in bold.

the contribution of ASR errors on the performance,
we additionally evaluate Qwen and Gemma on
ground truth transcriptions (Qwen/Gemma-Oracle),
essentially defining the performance ceiling for a
given LLM. 2) Open speech-capable LLMs. We
also evaluate two open speech-capable LLMs of
similar size (i.e., the “small” variants, with 3-7B
parameters): Qwen Omni 2.5 (Xu et al., 2025) and
Voxtral (Liu et al., 2025), to see how Text4Speech
compares against models that directly align a
speech encoder to an LLM using orders of mag-
nitude more speech data. 3) Seamless. For trans-
lation, we compare Text4Speech, against the full
SeamlessM4T model, predominantly trained for
translation, with the aim of determining the ex-
tent to which Text4Speech—as a general-purpose
speech-understanding model—retains the transla-
tion capabilities of SeamlessM4T.

Benchmarks. We measure the performance on
two translation benchmarks and three multilingual
speech understanding benchmarks.

Translation. We resort to Fleurs (Conneau et al.,
2022) and Covost2 (Wang et al., 2020) as multilin-
gual benchmarks widely used to evaluate speech-
to-text translation (S2TT), where the speech in the
source language is to be translated into target lan-
guage text. We evaluate (BLEU) both EN—X and
X—EN translation.

Speech Understanding. Fleurs-SLU (Schmidt et al.,
2025) is a massively multilingual spoken language

requires text decoding; Text4Speech, in contrast, requires just
one forward pass through the SE.

understanding benchmark with two distinct tasks:
multiple choice question answering based on a pro-
vided speech sample (Belebele-Fleurs), and topical
classification of speech (SIB-Fleurs). SpeechTaxi
(Keller and Glavas, 2025) is a multilingual bench-
mark for topical classification of spoken Bible
verses. For all three datasets, we measure accu-
racy for languages supported by SeamlessM4T.

4.2 Results

Speech Understanding. Table 1 summarizes the
results on SLU benchmarks and Figure 3 shows
Fleurs-SLU scores aggregated per-ressource level.
Overall, Text4Speech exhibits comparable perfor-
mance to the cascade (ASR) baseline for English,
while outperforming it for other languages. On the
classification tasks,” Text4Speech beats the ASR
cascade by wide margins: Qwen: +6.0% on Fleurs-
SIB, 4+10.0% on SpeechTaxi; Gemma: +10.1%
on SpeechTaxi. This indicates that Text4Speech
is much more robust in coarse-level speech under-
standing (i.e., topic identification) than the ASR
cascade. We believe this is due to the importance of
lexical cues for the task: imperfect ASR likely dis-
torts the key lexical cues in the cascade approach,
Text4Speech avoids this problem by operating in
the representation space. To our surprise, some
scores on Fleurs-SIB surpass Oracle scores. We
attribute this to SeamlessM4T’s representations,
which provide sufficient content information to
classify the content even though Qwen is not able
to. When we evaluate the oracle setup with the

“We provide per-language results on SIB in Figure 7, 6.

55116



B orace M T4s [O ASR
Belebele
1.00
>
g
g 0.50
<
0.00
SIB
1.00
>
g
5
g
<

High

Figure 3: Performance of Qwen variants (Oracle, ASR,
and Text4Speech) on SIB-Belebele and SIB-Fleurs ag-
gregated by resource level and the standard deviation
across languages.

trained LoRA we observe that the performance
of Qwen 3 increases to 78.8 also improving over
the oracle setup. This indicates that the LoRA im-
proves the performance at the task.

On SIB (topic classification), the trends vary
across languages, see Figure 7 for Qwen. We
identify three main language groups. 1) for high-
resource languages (e.g., French, Chinese, Arabic),
for which the Qwen-Oracle performance is above
80%, TextdSpeech performs close, but slightly be-
low the cascade (ASR) baseline; because of high-
quality ASR output for these languages, the cas-
cade performance approaches the ceiling perfor-
mance of; for high-resource languages, the cas-
cade (Qwen-ASR) is thus a very hard baseline to
beat. 2) languages where the oracle performance
is <80% but substantially above 40% benefit the
most from Text4Speech, compared to the cascade
(Qwen-ASR), with huge gains for some languages
(e.g., +32 points for Nyanja and Somali, +30 points
in Yoruba). These are mostly the languages for
which the LLM is (at least somewhat) competent,
but lower-quality ASR introduces significant noise.
3) For languages where the LLM itself fails, both
the cascade and Text4Speech perform around 40%.

Across all three benchmarks, Text4Speech con-
sistently outperforms open speech-capable LLMs,
Qwen 2.5 Omni 7B and Voxtral Mini 3B, most
often with very wide margins for languages other
than English (e.g., with Qwen as LLM, +14pp on
Belebele, +13pp on SIB). We find this result par-

Fleurs CoVost2
X—en en—X X—en en—X
Model (84) (48) (21) (15)
Seamless 24.1 25.2 36.6 31.7
Qwen - Oracle 22.1 12.3 33.9 12.6
Qwen - ASR 20.4 10.4 30.3 11.5
Text4Speech-2K 234 11.5 30.7 11.3
Text4Speech-10K  23.6 11.3 30.8 11.3

Table 2: Translation results on Fleurs and CoVost2.?

ticularly encouraging, as the baseline models have
been trained on orders of magnitude more speech.

Translation. Text4Speech is inherently limited by
both the SeamlessM4T’s encoding abilities and the
backbone LLMs’ ability to reason and generate in
the desired language, especially because the LLM
itself is the teacher in our self-distillation training.
We thus do not expect Text4Speech’s performance
to go beyond the LLMs’ performance on oracle
transcription. To get a better understanding of how
Text4Speech (with Qwen backbone) compares to
the performance of Seamless and Qwen, we com-
pare their translation performance in Table 2.

On the X—en translations, the translation perfor-
mance of Text4Speech lies between the text-based
translation performance of Qwen and the S2TT
performance of SeamlessM4T for most languages.
For high-resource languages (e.g., German, French,
Spanish), Qwen-Oracle outperforms and, thus, so
does Text4Speech, but it stays below the Qwen-
Oracle performance. For low-resource languages,
the massively multilingual translation-specific pre-
training of SeamlessM4T delivers much stronger
performance than Qwen-Oracle, so Qwen as the
backbone LLM and teacher in self-distillation be-
comes the limiting factor for Text4Speech’s per-
formance. This shows that Text4Speech retains
near-maximal capabilities of its individual compo-
nents, SeamlessM4T’s speech encoder and Qwen
as the backbone LLM.

In en—X translation, Qwen itself compares very
poorly, so we limit the analysis to languages X for
which we observe BLEU > 0. Text4Speech overall
performs very similarly to Qwen, which is what we
hoped to observe since our training extends Qwen’s

Note that Text4Speech extends Qwen’s understanding
capabilities to speech. No part of our training procedure is
designed to improve beyond Qwen’s (translation) performance
on text. Because SeamlessM4T is a dedicated translation
model, with additional translation-specialized decoders, we
cannot expect Text4Speech, with Qwen as the backbone, to
outperform the full SeamlessM4T on translation. We can
only hope to approach the Qwen’s translation performance on
ground-truth speech transcription (i.e., Qwen-Oracle).
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Belebele SIB
eng other eng  other
Model #P n=1n=8 n=1n=389

Gemma4B-ASR 6B 859 629 89 775
Text4Speech-2K 5B 83.6 592 87.0 79.8
+ 12B Teacher 5B 81.8 588 864 713

Gemma 12B - ASR 14B 94.0 775 904 844
Text4Speech-2K 13B 93.6 759 904 838

Table 3: Text4Speech performance on Fleurs-SLU for
different sizes of the backbone/teacher LLM (Gemma).

input modality to speech, but is in no way designed
to improve Qwen’s generation capabilities. Thus
the multilingual generation capabilities stay similar
to the original LLM.

4.3 Further Analyses and Ablations

Speech-only training. To illustrate that the text
training is a crucial step of our setup, we train the
model without the text data. We run the speech
training phase on 10K samples, the highest number
of speech samples in the experiments, training for
3 epochs. After this, the model does not under-
stand the speech input at all. On the SIB task, for
instance, the results range from 5% to 26% with an
average of 17.9%, which is close to random perfor-
mance. When we increase the number of epochs to
10 to increase the number of training steps in this
setup, we observe that the alignment overfit to the
training set, and the SIB scores stay in a similar
range. This showcases the importance of the text
training data to learn a meaningful alignment such
that the speech training data only needs to bridge
the modality gap.

Text4Speech with Larger LLMs. We explore
how Text4Speech scales with LLM size, using
Gemma-3 as the LLM family. We evaluate two
more configurations: (1) a larger model, Gemma
12B, as both the backbone for Text4Speech and self-
distillation teacher, (2) a small model, Gemma 4B,
as the Text4Speech backbone with a larger model,
Gemma 12B, as the teacher. Table 3 summarizes
the results. Text4Speech with a 4B backbone, but a
12B teacher stays below the performance of a self-
distilled variant with the 4B Gemma as teacher and
student. This aligns with other work that renders
self-distillation highly effective for self-supervised
learning (Mansourian et al., 2025). When self-
distilled from the larger Gemma 12B as both the
teacher and student, Text4Speech improves notably
over the 4B variant. However, Gemma 12B is also
more robust to ASR noise, so Text4Speech stays
slightly below the cascade baseline.

Fleurs-Belebele Accuracy: Other languages (n=83)

65.1 Training
I 1-st
651 _03.5 = 2sta0e
60.0 59.2

Accuracy (%)
[=)}
o

w
w

Qwen Text4Speech Gemma Text4Speech7

Figure 4: Comparison of Text4Speech with 1-stage vs.
2-stage alignment training on Belebele (average over 83
languages, without English).

Sequential vs. Simultaneous Training. We opt
for a 2-step alignment procedure primarily to de-
couple the expensive, large-scale text-based train-
ing from the lightweight speech-based training. In
this setup, any modification to the speech training
data (e.g., further specialization for a particular lan-
guage or task) requires only the repetition of the
inexpensive SE alignment training. We now, inves-
tigate the performance of a single-step alignment
procedure, one that simultaneously aligns (1) the
TE to the LLM using large-scale multilingual text
data and @) SE to LLM using small-scale ASR
data. To mitigate the imbalance in the number
of samples between the two modalities, in this 1-
stage training, we oversample the ASR training
instances. Figure 4 compares the performance of
the two alignment procedures (2-stage vs. 1-stage)
on Belebele. We observe marginal differences be-
tween the two training procedures for Gemma and
a small drop for Qwen. Compared to our 2-stage
procedure, the 1-stage setup comes with the down-
side of expensive, large-scale retraining for any
modification to the (small-scale) speech data.

Sample-Efficiency of Speech Alignment. We next
analyze how much speech/ASR data is really nec-
essary for the second training stage to bridge the
modality gap. To this end, we train the SE align-
ment on 500, 1K, 2K, and 10K samples. We evalu-
ate the S2TT performance on Fleurs and QA per-
formance on Belebele for 20 languages.

Figure 5 summarizes the results. Without any
speech-based training (zero-shot modality transfer),
the model is not able to produce meaningful output.
But with as few as 500 ASR examples used for SE
alignment, Text4Speech already performs compa-
rably to the Qwen-ASR baseline; with 1K ASR
training samples, Text4Speech matches the transla-
tion (S4TT) performance of Qwen-Oracle. Further
increase of the ASR training data brings dimin-
ishing gains, suggesting that our large-scale mul-
tilingual training on pseudo-speech (i.e., text em-

55118



> 0.704 _
g 5 0.21
é L’B 0.20
S 065 [‘_——_' 2 o
0.19
0 5k 10k 0 5k 10k
Number of Samples Number of Samples
(a) Fleurs-Belebele (b) Fleurs S2TT xx—en

Figure 5: Analysis of speech sample efficiency:
Text4Speech performance on Belebele (listening com-
prehension QA) and Fleurs (S4TT) with different sizes
of ASR data used in SE alignment training (step 2)).

beddings produced by SeamlessM4T’s TE) brings
about impressive sample-efficiency for aligning ac-
tual speech representations to the LLM. This also
strongly suggests that our second training step only
serves to mitigate the modality gap, rather than to
establish fine-grained semantic alignment between
the output representations of SE and the input of
the LLM: the first training stage on large(r)-scale
massively multilingual text data achieves that.

5 Conclusion

Massively multilingual speech understanding is
hindered by limited amounts of speech training
data across languages and tasks, with open speech-
capable LLMs evaluated only for small sets (i.e.,
<20) of high-resource languages. In this work,
we introduce Text4Speech, a text-driven training
approach to induce massively multilingual speech-
capable LLMs from speech data that is very lim-
ited in size as well as language coverage. Lever-
aging the cross-modally aligned speech and text
encoders of a massively multilingual speech-to-
text translation model, we are able to train much
of the alignment to an LLM on text data; a small
ASR dataset, used to mitigate the remaining modal-
ity gap between the two encoders, then suffices
to induce effective massively multilingual speech-
capable LLMs. On several speech understanding
benchmarks, Text4Speech outperforms the com-
petitive cascade baseline that couples ASR and
(text-based) LLM as well as open speech-capable
LLMs of similar size, trained on orders of magni-
tude more speech data. Crucially, we show that
our text-based alignment unlocks a highly sample-
efficient alignment of the speech encoder to the
LLM, with Text4Speech matching the performance
of the cascade baseline with as few as 500 speech
samples covering only 10 languages.

Limitations

Text4Speech is an approach for aligning a mas-
sively multilingual speech encoder to a (multilin-
gual) LLM using very limited amounts of (multi-
lingual) speech data. The method fundamentally
relies on pre-aligned text and speech encoders that
share a representation space. As such, the ap-
proach is inherently limited by the capabilities of
the respective speech encoder (in our case Seam-
lessM4T’s speech encoders) and LLM. We bypass
the need for large-scale multilingual speech data
by aligning the corresponding SeamlessM4T’s text
encoder to the LLM using large massively multi-
lingual text training: this, however, means that the
effectiveness of Text4Speech is limited by the qual-
ity of the representations coming both out of the
SeamlessM4T’s (1) speech as encoder and its (2)
text encoder. On the one hand, the quality of rep-
resentations from the encoders defines the extent
of useful information passed to the LLM; on the
other hand, the capability of the LLM limits the
performance additionally, because of its use as the
teacher in our distillation training.

Further, using text as “pseudo-speech”,
Text4Speech only supports languages for which
significant amounts of text data exist. While this is
fulfilled for a wide range of languages across all
resource levels, Text4Speech cannot be used to
support thousands of spoken-only languages.
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A Detailed Results

The detailed per-language results for Fleurs-
Belebele are shown in Figure 6 and for Fleurs-
SIB in Figure 7. We observe similar trends to the
Fleurs-SIB. On languages where the Oracle and the
ASR baseline perform similarly, Text4Speech per-
forms similarly or slightly below the ASR baseline.
Languages where Qwen performs close to random
(25%) tend to have random performance across
the baselines and Text4Speech. The results on lan-
guages with a notable gap between the Oracle and
the ASR baseline, while scores on Nepali increase
by 25 points and by 19 points on Icelandic, other
languages have smaller or no gains.

The language breakdown for SpeechTaxi is
shown in Table 4. Except for Text4Speech-Qwen
on Telugu, Text4Speech surpasses the ASR base-
lines consistently. Surprisingly, even on high-
resource languages such as French or English, we
observe a gap between the Oracle and the ASR
baselines.

TextdSpeech vs. Cascading Setup. A common
approach to dealing with speech is simply transcrib-
ing it to text and using established text-based meth-
ods to process the transcripts. This cascading setup
(termed Qwen-ASR and Gemma-ASR in the previ-
ous sections) can use existing components without
further training. This warrants the question: Why
use Text4Speech instead of this cascading setup?
While we report improvements over the cascading
setup, another argument for using Text4Speech is
shorter inference times. The transcription process
uses auto regressive generation, requiring multiple
passes through the Seamless encoder and decoder.
Text4Speech, on the other hand, requires a single
pass through the encoder to represent the speech.
We also hypothesized that the encoded speech
sequences are could contain more information than
the generated transcripts and thus using the embed-
dings could be more robust to errors. However,

fra_Latn
zho_Hans -{
deu_Latn -
rus_Cyrl -
spa_Latn-|
ita_Latn |
nld_Latn
swe_Latn |
ron_Latn -
por_Latn |
cat_Latn |
ces_Latn |
bul_Cyrl |
ukr_Cyrl
stp_Cyrl
pol_Latn |
arb_Arab -
vie_Latn |
afr_Latn
kor_Hang -
hrv_Latn -
slk_Latn -
dan_Latn -
ind_Latn -
zho_Hant -
nob_Latn
hun_Latn
Ivs_Latn |
pes_Arab |
tha_Thai -
jpn_Jpan-
lit_Latn
ell_Grek-|
tur_Latn |
slv_Latn
mkd_Cyrl
fin_Latn
hin_Deva ]
heb_Hebr ]
ben_Beng -
mar_Deva |

020 0.40 0.60 0.80

Figure 6: Per language performance of Qwen variants
(Oracle, ASR, and Text4Speech) on Belebele-Fleurs.
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Model asm ckb eng fra guj ibo kan luo mal mar pan rus tam tel ukr urd vie yor
Qwen 2.5 Omni 19.0 24.0 46.9 472 37.0 19.2 24.0 15.0 23.0 323 42.0 523 20.0 235 32.0 52.0 48.6 16.0
Voxtral Mini 40.0 40.6 45.7 49.1 51.0 354 46.0 29.0 48.0 49.5 55.0 439 48.0 37.0 52.0 57.0 55.0 27.0
Qwen - Oracle 39.0 30.2 63.0 50.0 51.0 15.2 51.0 18.0 50.0 57.6 48.0 533 50.0 52.0 53.0 35.0 50.5 20.0
Qwen - ASR 40.0 323 58.0 50.0 40.0 18.2 50.0 13.0 42.0 434 40.0 47.7 39.0 48.0 45.0 46.0 47.7 18.0
Text4Speech-2K 46.0 51.0 60.5 59.3 53.0 22.2 56.0 21.0 49.0 49.5 57.0 55.1 49.0 17.0 56.0 47.0 56.8 51.0
Text4Speech-10K 44.0 44.8 61.7 55.6 52.0 222 54.0 17.0 51.0 47.5 54.0 533 52.0 18.0 57.0 43.0 56.8 51.0
Gemma-Oracle 46.0 40.6 61.7 472 55.0 31.3 57.0 22.0 51.0 59.6 55.0 47.7 53.0 52.0 53.0 35.0 62.2 27.0
Gemma-ASR 35.0 25.0 46.9 44.4 49.0 17.2 43.0 14.0 38.0 40.4 40.0 38.3 41.0 41.8 41.0 49.0 47.7 22.0
Text4Speech-2K 46.0 50.0 60.5 55.6 53.0 19.2 51.0 17.0 48.0 46.5 55.0 47.7 51.0 55.1 48.0 49.0 52.3 54.0
Text4Speech-10K 45.0 53.1 58.0 55.6 52.0 20.2 55.0 16.0 50.0 49.5 57.0 49.5 48.0 48.0 48.0 56.0 50.5 61.0
Table 4: Accuracy per language on the SpeechTaxi benchmark
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Figure 7: Per language performance of Qwen variants
(Oracle, ASR, and Text4Speech) on SIB-Fleurs.

we could not find clear evidence that supports this
hypothesis. While some languages notably benefit
from using the embeddings, others perform very
similarly to the cascading setup.

Speech Representations. Text4Speech exploits
the alignment between the Seamless text and
speech encoder. However, even though the two
encoders are aligned, they still exhibit the modality
gap. We want to explore the modality gap in par-
allel text and speech sequences with Text4Speech.
Figure 8 shows representations of sequences in
the Fleurs-SIB dataset before and after applying

1 .
APS = N 2 1 122}}(\4(szm(ti,t]~))
]:

where NNV is the number of text tokens, M the num-
ber of speech tokens, and sim the similarity mea-
sure between two token representations. We use co-
sine similarity. Table 5 reports the average APS per
language in the seamless embeddings and the rep-
resentations after the adapters. The APS increases
substantially after the adapters. The similarity also
increases between unaligned sequences (0.0053 be-
fore adapters and 0.1711 after), but at a smaller
scale. These numbers suggest that Text4Speech re-
duces the modality gap but does not close it. How-
ever, perfect alignment (APS=1.0) would lead to
loss of information as speech is more information-
rich than text.
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Language APS - Seamless  APS - Align A

amh 0.1056 0.4832 +0.3776
arb 0.1169 0.5036 +0.3867
ben 0.1102 0.5078 +0.3976
deu 0.1161 0.4914 +0.3754
eng 0.1999 0.6363 +0.4364
fra 0.1241 0.4817 +0.3576
kor 0.0992 0.4749 +0.3758
rus 0.1274 0.5266 +0.3993
spa 0.1305 0.5040 +0.3736
tel 0.0981 0.4832 +0.3851
AVG 0.1228 0.5093 +0.3865

Table 5: APS between parallel speech and text of repre-
sentations of the Seamless encoder (Seamless) and after
the adapter (Align) and the A between the APS.

B Training Details

B.1 Hyperparameters

For training the two stages, we use the following
hyperparameters:

Parameter Text  Speech
LR le—4 le—4
Batch Size 4 4
Dpara 0.6 0.8
Num Layers 3 3
Hidden Dim 4092 4092

Table 6: Hyperparameters during the text alignment and
speech alignment training.

The model checkpoints we use are:
facebook/seamless-m4t-v2-large
for the Seamless encoders,
Qwen/Qwen3-4B-Instruct-2507 for the
Qwen LLM, and google/gemma-3-4b-it
(and google/gemma-3-12b-it for the larger
models) as the Gemma LLM backbone. We
run the experiments on the Isambard Cluster
(MclIntosh-Smith et al., 2024).

B.2 Dataset Details

We break down the large scale massively multi-
lingual text-only dataset by language and task in
Table 8. The dataset consists of samples from Aya
(Apache License v2.0), FineTranslations (ODC-By
v1.0), and Wikidata (CC BY-SA 3.0). We limit the
dataset to languages supported by Seamless.

As speech samples, we use a subset of the Fleurs
dataset (CC BY 4.0). The data is sampled uni-
formly across the 10 languages: English, German,

French, Chinese, Korean, Vietnamese, Japanese,
Russian, Turkish, and Swabhili.

C Use of AI Tools

The only Al tool we use is Claude for code genera-
tion. The generated code was thoroughly reviewed
and tested to ensure integrity and correctness.
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Code Language Script AYA  R&P TRANSLATION Total
afr Afrikaans Latin 1,538 1,428 2,966
amh Ambharic Ethiopic 1,538 1,428 2,966
ara Arabic Arabic 1,538 1,538
arb Standard Arabic Arabic 1,428 1,428
arb Standard Arabic Latin 1,428 1,428
ary Moroccan Arabic Arabic 1,428 1,428
arz Egyptian Arabic Arabic 1,428 1,428
asm Assamese Bengali 1,538 1,428 2,966
asm Assamese Latin 1,428 1,428
azj North Azerbaijani Latin 1,428 1,428
bel Belarusian Cyrillic 1,538 1,428 2,966
ben Bangla Bengali 1,538 1,428 2,966
ben Bangla Latin 1,428 1,428
bos Bosnian Latin 1,538 1,428 2,966
bul Bulgarian Cyrillic 1,538 1,428 2,966
cat Catalan Latin 1,538 1,428 2,966
ceb Cebuano Latin 1,538 1,428 2,966
ces Czech Latin 1,538 1,428 2,966
ckb Central Kurdish Arabic 1,538 1,428 2,966
cmn Mandarin Chinese Han 1,428 1,428
cym Welsh Latin 1,538 1,428 2,966
dan Danish Latin 1,538 1,428 2,966
deu German Latin 221 1,538 1,428 3,187
ell Greek Greek 1,538 1,428 2,966
eng English Latin 3,857 1,538 5,395
est Estonian Latin 1,538 1,538
eus Basque Latin 1,428 1,428
fin Finnish Latin 1,538 1,428 2,966
fra French Latin 1,390 1,538 1,428 4,356
fuv Nigerian Fulfulde Latin 1,428 1,428
gaz West Central Oromo Latin 1,428 1,428
gle Irish Latin 1,538 1,428 2,966
glg Galician Latin 1,538 1,428 2,966
guj Gujarati Gujarati 1,538 1,428 2,966
guj Gujarati Latin 1,428 1,428
heb Hebrew Hebrew 1,538 1,428 2,966
hin Hindi Devanagari 1,105 1,538 1,428 4,071
hin Hindi Latin 1,428 1,428
hrv Croatian Latin 1,538 1,428 2,966
hun Hungarian Latin 1,538 1,428 2,966
hye Armenian Armenian 1,538 1,428 2,966
ibo Igbo Latin 1,538 1,428 2,966
ind Indonesian Latin 1,538 1,428 2,966
isl Icelandic Latin 1,538 1,428 2,966
ita Italian Latin 693 1,538 1,428 3,659
jav Javanese Latin 1,538 1,428 2,966
jpn Japanese Japanese 6,255 1,538 1,428 9,221
kan Kannada Kannada 1,538 1,428 2,966
kan Kannada Latin 1,428 1,428
kat Georgian Georgian 1,538 1,428 2,966
kaz Kazakh Cyrillic 1,538 1,428 2,966
khk Halh Mongolian Cyrillic 1,428 1,428
khm Khmer Khmer 1,538 1,428 2,966
kir Kyrgyz Cyrillic 1,538 1,428 2,966
kor Korean Hangul 353 1,538 1,428 3,319
lao Lao Lao 1,538 1,428 2,966
lit Lithuanian Latin 1,538 1,428 2,966
lug Ganda Latin 1,538 1,428 2,966
luo Luo (Kenya and Tanzania) Latin 1,428 1,428
lvs Standard Latvian Latin 1,428 1,428
1zh Literary Chinese Han (Traditional) 1,538 1,538
mai Maithili Devanagari 1,428 1,428
mal Malayalam Latin 1,428 1,428
mal Malayalam Malayalam 1,538 1,428 2,966
mar Marathi Devanagari 1,538 1,428 2,966

Table 7: Training data distribution across languages and datasets. R&P denotes the repeat and paraphrase task.

55125



Code Language Script AYA R&P  TRANSLATION Total

mar Marathi Latin 1,428 1,428
mkd Macedonian Cyrillic 1,538 1,428 2,966
mlit Maltese Latin 1,538 1,428 2,966
mni Manipuri Bengali 1,428 1,428
mni Manipuri Latin 1,428 1,428
mya  Burmese Myanmar 1,538 1,428 2,966
nep Nepali Devanagari 1,538 1,538
nld Dutch Latin 1,538 1,428 2,966
nno Norwegian Nynorsk  Latin 1,428 1,428
nob Norwegian Bokmal Latin 1,428 1,428
nor Norwegian Latin 1,538 1,538
npi Nepali Devanagari 1,428 1,428
npi Nepali Latin 1,428 1,428
nya Nyanja Latin 1,538 1,428 2,966
ory Odia Latin 1,428 1,428
ory Odia Odia 1,428 1,428
pan Punjabi Gurmukhi 1,538 1,428 2,966
pan Punjabi Latin 1,428 1,428
pbt Southern Pashto Arabic 1,428 1,428
pol Polish Latin 1,538 1,428 2,966
por Portuguese Latin 8,709 1,538 1,428 11,675
ron Romanian Cyrillic 1,428 1,428
ron Romanian Latin 1,538 1,428 2,966
rus Russian Cyrillic 400 1,538 1,428 3,366
sat Santali Latin 1,428 1,428
slk Slovak Latin 1,538 1,428 2,966
slv Slovenian Latin 1,538 1,428 2,966
sna Shona Latin 1,538 1,428 2,966
snd Sindhi Arabic 1,538 1,428 2,966
snd Sindhi Devanagari 1,428 1,428
snd Sindhi Latin 1,428 1,428
som Somali Latin 1,538 1,428 2,966
spa Spanish Latin 3,496 1,538 1,428 6,462
SIp Serbian Cyrillic 1,538 1,428 2,966
srp Serbian Latin 1,428 1,428
swa Swahili Latin 1,538 1,428 2,966
swe Swedish Latin 1,538 1,428 2,966
tam Tamil Latin 1,428 1,428
tam Tamil Tamil 1,538 1,428 2,966
tel Telugu Latin 1,428 1,428
tel Telugu Telugu 1,538 1,428 2,966
tgk Tajik Cyrillic 1,538 1,428 2,966
tha Thai Thai 1,538 1,428 2,966
tur Turkish Latin 3,882 1,538 1,428 6,848
ukr Ukrainian Cyrillic 1,538 1,428 2,966
urd Urdu Arabic 1,538 1,428 2,966
urd Urdu Latin 1,428 1,428
uzn Northern Uzbek Cyrillic 1,428 1,428
uzn Northern Uzbek Latin 1,428 1,428
vie Vietnamese Latin 6,091 1,538 1,428 9,057
yor Yoruba Latin 1,538 1,428 2,966
yue Cantonese Han 1,538 1,428 2,966
zul Zulu Latin 1,538 1,428 2,966
Total 36,452 119,964 159,936 316,352

Table 8: Training data distribution across languages and datasets. R&P denotes the repeat and paraphrase task.
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