Voxtral TTS

Abstract

We introduce Voxtral TTS, an expressive multilingual text-to-speech model that
generates natural speech from as little as 3 seconds of reference audio. Voxtral TTS
adopts a hybrid architecture that combines auto-regressive generation of semantic
speech tokens with flow-matching for acoustic tokens. These tokens are encoded
and decoded with Voxtral Codec, a speech tokenizer trained from scratch with a
hybrid VQ-FSQ quantization scheme. In human evaluations conducted by native
speakers, Voxtral TTS is preferred for multilingual voice cloning due to its natural-
ness and expressivity, achieving a 68.4% win rate over ElevenLabs Flash v2.5. We
release the model weights under a CC BY-NC license.

Webpage: https://mistral.ai/news/voxtral-tts
Model weights:  https://huggingface.co/mistralai/Voxtral-4B-TTS-2603
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Figure 1: Voxtral TTS is preferred to ElevenLabs Flash v2.5 in human evaluations. We plot the win rate for
Voxtral TTS against ElevenLabs Flash v2.5 in human evaluations across two categories. For flagship voices, we
use the default voices for each model and 77 unique text examples. In the voice cloning set-up, we provide a
short audio reference clip and 60 text prompts. In both categories, human annotators blindly rate which audio is
better between the two models. Voxtral TTS is preferred in 58.3 and 68.4% of instances.

1 Introduction

Natural and expressive text-to-speech (TTS) remains a cornerstone of flexible human-computer
interactions, with applications spanning virtual assistants, audiobooks, and accessibility tools. While
recent neural TTS models achieve strong intelligibility, capturing the nuances and expressivity of
human speech remains an open challenge, particularly in the zero-shot voice setting.
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Recent zero-shot TTS systems typically condition generation on discrete speech tokens extracted from
a short voice prompt, enabling generalization to unseen speakers and natural synthesis across long
sequences [Borsos et al., 2023, Wang et al., 2023]. In parallel, diffusion and flow-based models are
effective for modeling rich acoustic variation in speech generation [Popov et al., 2021, Le et al., 2023].
Recent speech codecs demonstrate that speech can be factorized into a low-rate semantic stream and
a higher-rate acoustic stream [Défossez et al., 2024]. Hierarchical generators such as Moshi already
exploit this structure using a temporal transformer over timesteps and a depth transformer over codec
levels. However, acoustic generation in these systems remains depth-wise autoregressive. For TTS,
this raises the question whether the dense acoustic component must be modeled auto-regressively at
all, or whether it can instead be generated more effectively with a conditional continuous model.

In this work, we introduce Voxtral TTS, a multilingual zero-shot TTS system built around a
representation-aware hybrid architecture. A voice prompt is tokenized through Voxtral Codec,
a low-bitrate speech tokenizer with an ASR-distilled semantic token and finite scalar quantized (FSQ)
acoustic tokens [Mentzer et al., 2023]. Given this factorized representation, a decoder-only trans-
former auto-regressively predicts the semantic token sequence, while a lightweight flow-matching
model predicts the acoustic tokens conditioned on the decoder states. This design combines the
strengths of auto-regressive modeling for long-range consistency with continuous flow-matching for
rich acoustic detail. We adapt Direct Preference Optimization (DPO) [Rafailov et al., 2023] to this
hybrid discrete-continuous setting by combining a standard preference objective over semantic token
generation with a flow-based preference objective for acoustic prediction [Ziv et al., 2025].

Voxtral TTS supports 9 languages, supports voice prompts as short as 3 seconds, and is designed
for low-latency streaming inference. Across automatic evaluations on SEED-TTS [Anastassiou
et al., 2024] and MiniMax-TTS [Zhang et al., 2025], it achieves strong intelligibility and naturalness,
beating ElevenLabs v3 on speaker similarity scores. In human evaluation for multilingual zero-shot
voice cloning, it is preferred over ElevenLabs Flash v2.5 with a 68.4% win rate, while remaining
competitive with strong proprietary systems on expressive flagship-voice evaluations.

2 Modeling

Figure 2 highlights the architecture of Voxtral TTS. It consists of a novel audio codec—Voxtral
Codec—which encodes a reference voice sample into audio tokens consisting of semantic and
acoustic tokens. The audio tokens are combined with text tokens to form the input to the LM decoder
backbone. To generate speech, decoder backbone auto-regressively generates semantic token outputs.
A flow-matching transformer generates the acoustic tokens. The codec decoder maps the output
tokens to the corresponding audio waveform.

2.1 Voxtral Codec

Voxtral Codec is a convolutional-transformer autoencoder [Défossez et al., 2022] that compresses raw
24 kHz mono waveforms into 12.5 Hz frames of 37 discrete tokens (1 semantic + 36 acoustic), achiev-
ing a total bitrate of 2.14 kbps. These tokens serve as the input audio representation to Voxtral TTS.
Through a novel combination of architectural and training objective improvements, Voxtral Codec out-
performs existing baselines such as Mimi [Défossez et al., 2024], with results presented in Section 4.1.

Waveform Autoencoder. Inspired by prior works on transformer-based audio codecs [Parker et al.,
2024, Wu et al., 2024], our audio tokenizer operates on “patchified” waveforms. A 24 kHz mono
input waveform is chunked into non-overlapping patches of 240 samples, yielding a 100 Hz input
to the encoder. The 100 Hz input frames are first projected to 1024-dimensional embeddings via a
causal convolution with kernel size 7. The embeddings are then forwarded through 4 encoder blocks,
each comprising:

* A 2-layer causal self-attention transformer with sliding window attention (window sizes
16 —+ 8 — 4 — 2, halved at each downsampling stage), ALiBi positional bias [Press et al.,
2021], QK-norm, and LayerScale [Touvron et al., 2021] initialized at 0.01.

* A causal CNN layer. In the first three blocks, the CNN downsamples by 2x (stride 2),
yielding a cumulative 8 x reduction from 100 Hz to 12.5 Hz. In the fourth block, the CNN
has stride 1 and projects the 1024-dimensional representation to a 292-dimensional latent
space.



80ms audio

Acoustic Semantic
‘’ " Flow-Matching Linear
' Transformer Head

) 999

( Autoregressive Decoder Backbone ]

000006600

®
®
@~

voicé reference

Figure 2: Architecture overview of Voxtral TTS. A voice reference ranging from 3s-30s is fed to the Voxtral
Codec encoder to obtain audio tokens at a frame rate of 12.5 Hz. Each audio frame (labeled A) consists of a
semantic token and acoustic tokens. The voice reference audio tokens along with the text prompt tokens (labeled
T) are fed to the decoder backbone. The decoder auto-regressively generates a sequence of semantic tokens
until it reaches a special End of Audio token (KEOA>). At each timestep, the semantic token from the decoder
backbone is fed to a flow-matching transformer, which is run multiple times to predict the acoustic tokens. The
semantic and acoustic tokens are fed to the Voxtral Codec decoder to obtain the generated waveform.
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Figure 3: Architecture overview and training of Voxtral Codec. It consists of a split semantic VQ codebook
and acoustic FSQ codebooks. Both semantic and acoustic tokens are combined for reconstruction. The semantic
token has an additional distillation loss from a supervised ASR model.



The 292-dimensional latent is subsequently quantized to audio tokens (detailed below). The decoder
mirrors the encoder in reverse: a causal CNN first projects the 292-dimensional latent back to 1024
dimensions, followed by 4 blocks each containing a transposed CNN (for 2x upsampling) and a
2-layer causal self-attention transformer, gradually restoring the 12.5 Hz latent to 100 Hz. A final
causal convolution with kernel size 7 maps from 1024 dimensions back to the patch size of 240
samples to reconstruct the waveform.

Representation Quantization. The 292-dimensional latent is split into a 256-dimensional semantic
component and a 36-dimensional acoustic component, which are quantized independently:

* The semantic component is quantized through a learned vector quantizer (VQ; [Van
Den Oord et al., 2017]) with a codebook of size 8192. During training, VQ is applied
with 50% probability; the remaining samples pass through unquantized.

 Each of the 36 acoustic dimensions is passed through a tanh activation and independently
quantized to 21 uniform levels via finite scalar quantization (FSQ; [Mentzer et al., 2023]).
During training, we apply dither-style FSQ [Parker et al., 2024]: 50% of samples are
quantized with FSQ, 25% receive uniform noise of magnitude 1/L (where L=21 is the
number of levels), and 25% pass through unquantized.

The total bitrate is 12.5 X (logy 8192 + 36 x log, 21) & 2.14 kbps.

Semantic Token Learning. To better incorporate the semantic content of speech into the semantic
tokens, we adopt an auxiliary ASR distillation loss. Unlike prior works that learn “semantic” tokens
by distilling self-supervised speech representations [Zhang et al., 2023, Défossez et al., 2024], which
are more phonetic than semantic [Liu et al., 2024], we distill from a supervised ASR model. This has
been shown to produce more effective semantic representations [Vashishth et al., 2024].

A frozen Whisper [Radford et al., 2023] model is run auto-regressively on the input audio to generate
decoder hidden states and cross-attention weights. The post-VQ semantic embeddings are linearly
projected to match the Whisper hidden dimension and then aligned to the decoder hidden states from
the last decoder layer using a cosine distance loss:

F
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where zf are the projected post-VQ semantic embeddings at codec frame f, h; are the last-layer
decoder hidden states from Whisper at token position [, and A € REXF is a soft alignment matrix
derived from a subset of Whisper’s cross-attention heads identified as best correlating with word-
level timestamps via dynamic time warping (DTW) [Berndt and Clifford, 1994]. To compute A,
the cross-attention weights from these heads are normalized across the decoder token dimension,
median-filtered, and averaged over heads. The resulting matrix is linearly interpolated along the
encoder frame axis to match the codec frame rate (12.5 Hz), so that 2; is the attention-weighted sum
of codec embeddings aligned to the /-th decoder token.

This design allows the tokenizer to learn text-aligned semantic tokens without requiring an external
forced aligner or paired transcripts, since the alignment is derived implicitly from Whisper’s cross-
attention weights. Distilling from continuous hidden states rather than hard transcript labels provides
richer supervision, including model confidence and phonetic similarities.

Adpversarial Training. A multi-resolution discriminator with 8 STFT sizes (2296, 1418, 876, 542,
334,206, 126, 76) is trained along with the codec. Each discriminator is trained as a binary classifier
between real audios & and reconstructed audios € using a hinge loss. An L;-based feature-matching
loss is computed on the activations of every layer of each discriminator:

M N
ACfeature( Z ‘ Dm Drrln (i') H 1 (2)

Here, D" denotes the m-th layer of the n-th discriminator, where each of the N discriminators
has M layers. Following Défossez et al. [2024], Parker et al. [2024], we use this feature-matching



Table 1: Key hyperparameters of the Voxtral Codec.

Parameter Value

Input / Preprocessing

Sampling rate 24000
Patch size 240
AutoEncoder

Encoder patch projection kernel size 7
Encoder patch projection dimension 1024

Encoder transformer layers' 2522222
Encoder sliding window size 16 +-8—4—2
Encoder conv kernels 4 —-4—=4—-3
Encoder conv strides 2—=+2—=2—=1

(Decoder flips all — to <— and uses transposed convolutions)

Discrete bottleneck

Semantic VQ? codebook size 8192
Acoustic FSQ® codebook countxsize 36 x 21

Discriminator
FFT sizes 2296, 1418, 876, 542, 334, 206, 126, 76
Channels 256

! For training stability, we use LayerScale with initial scale of 0.01 and QK normalization with e = 1076,

2 During training, VQ is applied with 50% probability.

3 During training: 50% quantized with FSQ, 25% dithered (uniform noise of magnitude 1/ L), 25% unquan-
tized.

loss in place of the standard GAN generator loss, as the evolving discriminator features provide an
increasingly discriminative reconstruction signal throughout training.

Training Objective. Voxtral Codec is trained end-to-end with the following losses:
aLseawre + BLASR + VLL1 + YLsTET + 0 Lcommit 3)

where a=1.0, 8=1.0, v=0.9999! (with ¢ the current training step), and 6=0.1. Ly is the L;
distance between the original and reconstructed waveforms, and Lgypr is an L; loss on their
STFT magnitudes. Both reconstruction losses share the same exponential decay schedule 7,
which bootstraps learning early in training and diminishes their influence as the adversarial signal
strengthens [Parker et al., 2024]. Leommic = ||ze — sg(2,)||3 is the VQ commitment loss [Van
Den Oord et al., 2017], where sg denotes the stop-gradient operator.

Table 1 presents a summary of the Voxtral Codec configuration. The full model has approximately
300M parameters. All decisions are ablated and the final configuration achieves stable optimization
with the best audio quality.

2.2 Decoder Backbone

The decoder backbone of Voxtral TTS follows the architecture of Ministral 3B [Liu et al., 2026],
an auto-regressive decoder-only transformer. The input sequence consists of voice reference audio
tokens followed by text tokens, from which the output audio tokens are auto-regressively generated.
Each audio frame is represented by 37 discrete tokens (1 semantic, 36 acoustic). Each codebook
has its own embedding lookup table (8192 entries for semantic and 21 for each acoustic), which are
summed to produce a single embedding per audio frame.

The decoder backbone generates a sequence of hidden states. A linear head projects each hidden
state h to logits over the semantic codebook vocabulary (8192 entries plus a special End of Audio
(<EOA>) token), trained with a standard cross-entropy loss. To predict the acoustic tokens, A is fed to
a flow-matching transformer, described in Section 2.3. The float-valued outputs of the flow-matching
transformer are discretized before the next AR step to maintain a fully discrete token interface.



2.3 Flow-Matching Transformer

To predict the acoustic tokens, a flow-matching (FM) transformer operates independently on the
hidden state h from each generation step in the decoder backbone. We model acoustic tokens in
continuous space to leverage the smooth velocity field of FM, and discretize only at the output to
interface with the AR backbone’s discrete token vocabulary.

The FM transformer consists of a bidirectional 3-layer transformer with the same width as the decoder
backbone. It models the velocity field that transports Gaussian noise (xg) to acoustic embedding
(z1) over a series of function evaluation steps 0 < ¢ < 1. It receives as input h, the current function
evaluation step ¢ encoded as a sinusoidal embedding, and the current acoustic embedding z; € R3C,
We use a separate projection layer for each input h, ¢t and z;, because the scale of activations are
different for each one. We also ablated providing conditioning using DiT style adaptive LayerNorm
(AdalLN) layers [Peebles and Xie, 2023], but found our approach superior.

During training, the hidden state is dropped out 10% of the time for “unconditional” modeling.
For inference, we use the Euler method to integrate the velocity vector field v, using 8 function
evaluations (NFEs) and classifier-free guidance (CFG) [Ho and Salimans, 2022]. Concretely, the
form of v; and z; is:

vy = avg(zy, t, h) + (1 — a)vg(xe, T, 0) 4
Tt_At — Tt — V¢ * At (5)

where h is the hidden state from decoder backbone and §) is the unconditional case where we pass a
vector of zeros with the same shape as h. vg(x¢, t, h) is the predicted velocity field at time step ¢, sam-
ple z; and conditioning input h. We set At = 1/8 and o = 1.2 based on the analysis in Section 5.2.

Note that in our architecture, CFG is applied independently at every frame in the FM transformer.
Hence, it only requires an extra forward-propagation of only the FM transformer, and is thus
significantly cheaper than applying CFG in the decoder backbone backbone. The float values predicted
by the FM transformer are converted to discrete integer values by quantizing to the 21 FSQ levels.
These discretized tokens are provided as input to the decoder backbone in the next decoding step.

Given the inputs to the decoder backbone are discrete tokens with embedding lookup, we also
considered alternative architectures inspired by MaskGIT [Chang et al., 2022] and Depth Transformer
[Défossez et al., 2024]. Both approaches performed reasonably well, but were inferior to FM in human
evaluations, especially on expressivity. In addition, MaskGIT requires attending over all 36 acoustic
codebook positions and conditioning tokens, resulting in a per-frame sequence length of 38, compared
to just 3 in the FM transformer (h, ¢, ;). Similarly, the Depth Transformer requires 36 auto-regressive
decoding steps, compared to 8 NFEs for FM. Thus, FM is superior in quality, compute and latency.

3 Training

3.1 Pretraining

We train the model using paired audio and transcripts pseudo-labelled with Voxtral Mini Tran-
scribe [Liu et al., 2025]. Each training sample consists of a tuple (A4, T, A2) where A; is a voice
reference and T5 is the transcript for A5, which is our target for generation. Similar to Voxtral, we in-
terleave these segments with a <next> special token between A; and T, and a <repeat> special token
between T and As. We ensure that A; and A, are single-speaker segments from the same speaker,
but not necessarily temporally adjacent. The maximum duration of A; and A, are 180 seconds, and
we ensure A; is at least 1 second long. Due to the long-tailed nature of natural conversational human
speech duration, we find the model works best on voice prompts (A7) between 3 and 25 seconds.

The loss is computed only on the tokens of A,. We optimize the model using a two-part loss function
consisting of a cross-entropy loss on the semantic token Lgemaniic and flow-matching loss L,coustic ON
the acoustic tokens. We use the simple conditional flow-matching objective as shown below:

Lacoustic = Et~U[O,1],mg~’D,w1~N(0,1)H’Ue(xtv t) - ut(xt|x17 1‘0)“% (6)
ug (24|71, 0) = T1 — T0 @)



where u, is the conditional velocity target, vy is the velocity predicted by the FM transformer, x;
is sampled from a normal distribution, and x( the data distribution D. We initialize the decoder
backbone with Ministral 3B. Newly introduced modules, such as the FM transformer, audio codebook
embedding lookup-tables and output projection layers, are initialized from random. During training,
we freeze the text-embedding layers in the decoder backbone to improve robustness to text tokens
that appear with low-frequency in the Voxtral Mini Transcribe transcriptions. To avoid overfitting
to silence, we also use a lower loss weight for frames that have no speech as determined by a
voice-activity-detection (VAD) model and set the loss weight to O for extremely long silences. We
also perform simple LLM based rewrites of the transcripts to introduce robustness to normalized
vs un-normalized text (e.g. "5 - 4" vs "five minus four").

3.2 Direct Preference Optimization

We use Direct Preference Optimization (DPO) [Rafailov et al., 2023] to post-train the model, focusing
on improving word error rate (WER) and speaker similarity. For the semantic codebook, we use the
standard DPO objective. Given that the acoustic codebooks are predicted with flow-matching, we
adapt the objective from Ziv et al. [2025]:

E(e) = _]EtNZ/I(O,l),:E'“’,:L’l logo(—ﬁ(Ag(x“’, xl7 t) - A@m‘(mwa xla t))) ) (8)
where
Ng(a®,at,t) = g (), t) — e}’ |z)|13 — llvo (21, 1) — ue(ag|z")13. ©

We make the objective suitable for our auto-regressive setup (note the bold ¢ showing each token has
a differently sampled t) by computing:

5 (10)

N N,
Ae (xw’ xl’ t) = Z”ve (‘T;l,)ti ’ tl) - u?il,)ti % - Z”ve (xé,ti ) tl) - ué,ti
i=1 1=1

and find that length normalization (dividing by length of winner) causes instability.

We ensure that the ¢ and x¢ sampled for each location in the sequence is consistent for the policy
model 6 and reference model 0,.¢. The two DPO losses are added with uniform weights but we use a
Bsemantic = 0.1 and Byeoustic = 0.5 as training is sensitive to the flow-DPO loss. A low learning rate of
8e—8 is used for training stability.

The data for DPO is gathered using a rejection-sampling pipeline that takes as input a set of voice
samples from a held-out set of single-speaker voice samples and diverse synthetically generated text-
prompts. We prompt Mistral Small Creative ! with the transcript of the voice prompt and randomly
chosen personas to synthesize a diverse array of texts which continue or reply to the conversational
context. The pretrained checkpoint then takes as input the voice and text prompts and generates
multiple samples from each input, from which winner and loser pairs can be constructed. Winners
and losers are determined from WER, speaker similarity, loudness consistency, UTMOS-v2 [Baba
et al., 2024] and other LM judge metrics. We optimize the model using the combined DPO loss along
with the pretraining objective on high-quality speech for 1 epoch, as we found that training longer on
synthetic data led to more robotic speech.

4 Results

4.1 Voxtral Codec

Table 2 shows a comparison between Voxtral Codec and Mimi on the Expresso dataset [Nguyen et al.,
2023]. We evaluate on the following objective metrics: Mel distance, STFT distance, perceptual
evaluation of speech quality (PESQ), extended short-time objective intelligibility (ESTOI), word
error rate between transcriptions generated using an ASR model corresponding to the source and
reconstruction (ASR-WER), speaker similarity score computed using a speaker embedding model.
We also report the bitrates and frames per second (fps), which are relevant as these codecs are used
in the context of auto-regressive decoder models. Given Mimi uses an RVQ design for acoustic

"https://docs.mistral.ai/models/mistral-small-creative-25-12
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codebooks, it has the flexibility to choose a subset of codebooks to trade-off bitrate and quality. When
Voxtral Codec is compared to Mimi in a 16 codebook configuration, such that the bitrates are similar,
Voxtral Codec outperforms on all the objective metrics. On an internal subjective assessment, we
found Voxtral Codec to be comparable or better than Mimi at 16 codebooks on audios consisting of
speech which is our main focus.

Table 2: Comparison of Voxtral Codec and Mimi on the Expresso dataset.

Model fps token/frame x bitrate Reconstruction (J.) Intrusive (1) Perceptual

vocab. size (kbps)  Mel STFT  PESQ ESTOI ASR-WER (%), Speaker Sim?
Mimi — 8cb (Moshi)  12.5 8 x (2048) 1.1 0.702 1.177 2.07 0.803 11.75 0.672
Mimi - 16¢cb 12.5 16 x (2048) 2.2 0.618 1.100 2.67 0.865 11.01 0.829
Mimi - full 32cb 12.5 32 x (2048) 4.4 0.552 1.040 3.18 0.910 10.25 0.902
Voxtral Codec 125 1 x(8192)+36 x (21) 2.1 0.545 0.982 3.05 0.882 10.66 0.843

4.2 Automatic Evaluations

We evaluate Voxtral TTS, ElevenLabs v3 and ElevenLabs Flash v2.5 on SEED-TTS [Anastassiou
et al., 2024] and the nine supported languages in MiniMax-TTS [Zhang et al., 2025] using automated
metrics:

1. Word Error Rate (WER): Measured by Voxtral Mini Transcribe v2 to capture the intelligi-
bility of speech.

2. UTMOS-v2 [Baba et al., 2024]: Predicts the Mean Opinion Score (MOS) of generated
speech.

3. Speaker Similarity: Speaker embeddings are predicted using the ECAPA-TDNN
model [Desplanques et al., 2020] and the cosine similarity is computed against the ref-
erence embedding. This evaluates how closely generated speech emulates the provided
voice reference.

The results for the three models are presented in Table 3. While both ElevenLabs models achieve low
WERSs across languages, Voxtral TTS significantly outperforms ElevenLabs on the speaker similarity
metrics. Surprisingly, we find that ElevenLabs Flash v2.5 performs better on most automated metrics
and ElevenLabs v3 better on human evaluations, particularly with emotion steering. This highlights
the importance of performing human evaluations in conjunction with automatic evaluations.

Table 3: WER, UTMOS, and Speaker Similarity scores for Voxtral TTS, ElevenLabs v3, and ElevenLabs Flash
v2.5.

WER (%) | UTMOS 1 Speaker Sim 1

Task Voxtral  ElevenLabs v3  ElevenLabs Flash ~ Voxtral ElevenLabs v3  ElevenLabs Flash  Voxtral ~ElevenLabs v3  ElevenLabs Flash
MiniMax

Arabic 2.68 3.67 2.86 3.07 2.50 2.89 0.746 0.546 0.539
German 0.83 0.45 1.08 3.12 2.90 3.27 0.721 0.457 0.489
English 0.63 0.48 0.33 4.30 427 427 0.786 0.484 0.489
Spanish 0.51 0.87 0.49 341 3.18 2.99 0.762 0.443 0.541
French 322 2.34 2.26 2.83 2.90 2.94 0.587 0.339 0.378
Hindi 4.99 8.71 5.08 3.56 3.56 3.35 0.839 0.707 0.679
Italian 1.32 0.58 0.55 3.43 3.08 3.09 0.739 0.527 0.485
Dutch 1.99 1.52 0.83 3.89 3.53 3.68 0.720 0.397 0.598
Portuguese 1.02 0.92 1.15 3.66 341 3.41 0.785 0.571 0.642
Seed TTS 1.23 1.26 0.86 4.11 3.92 4.09 0.628 0.392 0.413

4.3 Human Evaluations

Automated metrics cannot measure the naturalness and expressivity of a TTS model, especially the
ability of the model to speak with a specific emotion. We find that UTMOS is only a loose proxy,
not well calibrated across languages and only weakly correlated with human preference. Hence, we
perform two sets of human evaluations in which annotators compare generations between two models
without knowing their identities. The evaluation consists of 77 prompts, with 11 of them neutral
while 66 of them have an associated expected emotion. For all evaluations, annotators are instructed

non

to choose whether one of the generations is "slightly better", "much better" or if they are "both good"



or "both bad". During labeling, all audio samples are resampled to 24 kHz WAV format (even the
voice samples) to ensure there is no bias due to audio quality.

4.3.1 Flagship voices

First, we compare our flagship voices (British-Female, British-Male, American-Male, French-Female)
against the flagship voices of same gender and accent provided by competitors. We run two
sub-evaluations:

1. Explicit steering: We test the ability to bias a TTS model’s generation toward a specific
emotion. The TTS prompts which have an associated emotion (not Neutral) are provided
as free-form instruction to Gemini 2.5 Flash TTS as it supports free-form instructions such
as "Speak in an angry tone.". For ElevenLabs v3 we provide emotion tags enclosed in
brackets 2. While Voxtral TTS does not support emotion tags/text-instructions, we steer the
generation by leveraging a different voice prompt provided from the same speaker which
embodies the requested emotion.

2. Implicit steering: We test the model’s capabilities to infer emotion from provided text (e.g.
"This is the best day of my life!"). No emotion label or instruction is provided to the model.
For Voxtral TTS, we use a neutral voice prompt.

We use three annotators who are native speakers of the same dialect for each language per pair. The
win rates of Voxtral TTS (excluding ties) are presented in Table 4. Gemini 2.5 Flash TTS is the
strongest model, and Voxtral TTS is competitive against ElevenLabs v3. In the implicit steering
setting, Voxtral TTS consistently outperforms both ElevenLabs models.

Table 4: Voxtral TTS win rates by steering type. In the explicit steering setting, Voxtral TTS is competitive
with ElevenLabs v3, while having a higher win rate compared to both ElevenLabs models in the implicit steering
setting.

Emotion steering Opponent Model Voxtral TTS Win Rate (%)
Exolicit ElevenLabs v3 51.0
P Gemini 2.5 Flash TTS 35.4
Implicit ElevenLabs Flash v2.5 58.3
puct ElevenLabs v3 55.4
Gemini 2.5 Flash TTS 37.1

4.3.2 Zero-Shot Voice Cloning

To evaluate voice cloning capabilities, we source high quality audios from two recognized speakers in
each language. We generate speech from each model in a zero-shot setting, and instruct annotators to
rate the generations based on (a) likeness of the generated audio to voice prompt and (b) naturalness
of speech and expressivity.

Table 5 shows the Voxtral TTS win rates against ElevenLabs Flash v2.5 across languages. Overall,
Voxtral TTS has a win rate of 68.4%, with significantly better results across both high and low-
resource languages (such as Arabic and Hindi). Notably, the Voxtral TTS win rate is much higher in
the zero-shot setting (68.4%) compared with flagship voices (57.1%), highlighting that Voxtral TTS
is a far more generalizable model, capturing a diverse range of user-voices.

5 Analysis

In this Section, we provide a comparison between the pretrained and DPO checkpoints and ablate the
pertinent inference parameters.

2https://elevenlabs.io/blog/eleven—vB—audio—tags—expressing—emotional-context—i
n-speech
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Table 5: Voxtral TTS win rate against ElevenLabs Flash v2.5 across languages. Voxtral TTS matches or
outperforms ElevenLabs Flash v2.5 on every language, and has an overall micro-average win rate of 68.4%.

Language Voxtral TTS Win Rate (%)

Arabic 72.9
Dutch 49.4
English 60.8
French 54.4
German 72.0
Hindi 79.8
Italian 57.1
Portuguese 74.4
Spanish 87.8
Overall 68.4

5.1 DPO improvements

Table 6 shows the WER and UTMOS metrics for the pretrained and DPO checkpoints. Overall, DPO
improves on both metrics, with the largest gains in German and French and regressions only on
Hindi. Qualitatively, we find that the DPO model hallucinates less and skips fewer words. DPO also
ameliorates the pretrained model’s occasional tendency to significantly taper in volume throughout
the audio. Interestingly, DPO has minimal effect on speaker similarity, which is within £0.01 of
pretrain checkpoint (not presented here for brevity).

Table 6: DPO improves WER and UTMOS across languages.

WER (%) | UTMOS 1

Task Pretrain DPO Pretrain DPO
MiniMax

Arabic 2.80 2.68 (-0.12) 3.01 3.07 (+0.06)
German 4.08 0.83 (-3.25) 3.05 3.12 (+0.07)
English 0.84 0.63 (-0.21) 425 4.30 (+0.05)
Spanish 0.56  0.51 (-0.06) 3.38  3.41 (+0.04)
French 5.01  3.22(-1.79) 276  2.83 (+0.07)
Hindi 3.39 4.99 (+1.61) 343  3.56 (+0.13)
Italian 2.18  1.32(-0.85) 3.36 3.43 (+0.07)
Dutch 3.10 1.99 (-1.11) 3.85 3.89 (+0.04)
Portuguese 1.17  1.02 (-0.15) 3.60 3.66 (+0.06)
Seed TTS 1.58 1.23 (-0.35) 4.07 4.11 (+0.04)

5.2 Inference Parameters

Figure 4 demonstrates the effect on the automatic evaluation metrics as the number of functional
evaluations (NFEs) and choice of CFG « are varied. There are marked improvements across metrics
as the NFEs is increased from 2 to 8. We find that increasing number of NFEs beyond 8 yields
marginal improvement in speaker similarity and minor degradations in WER. Thus, we chose 8 NFEs
as our default inference setting.

Increasing the value of CFG «, we find that there is a nearly monotonic improvement in all metrics
except UTMOS-v2. However, internal human evaluations found that a higher « led to over-adherence
to the provided voice-prompt and the model failed to bias towards emotions that are implicit in the
text prompt. We also find that lower o = 1.2 works best for higher quality audio (e.g. professional
recordings), while in-the-wild recordings might benefit from a higher «.
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Figure 4: Effect of NFEs and CFG on automatic evaluations. The metrics are averaged over SEED-TTS and
the 9 languages in MiniMax. Increasing the NFEs from 2 to 8 improves speaker similarity and UTMOS metrics.
There is a slight regression in WER as the NFE:s is increased beyond this. The metrics monotonically increase
with higher CFG, but human evaluations flagged regressions in text-adherence with high a.

6 Inference and Serving in vVLLM-Omni

Voxtral TTS is served through vLLM-Omni [Yin et al., 2026], an extension of the vLLM [Kwon et al.,
2023] for multi-stage multimodal models. Voxtral TTS is decomposed into a two-stage pipeline: a
generation stage that predicts the audio tokens (semantic and acoustic), followed by a codec decoding
stage that converts the tokens into a waveform. The two stages communicate through an asynchronous
chunked streaming protocol over shared memory, enabling first-audio latency well before the full
waveform has been generated.

6.1 CUDA Graph Acceleration for Flow-Matching Transformer

The flow-matching transformer is the computational bottleneck of the generation stage. Each decoding
step requires N functional evaluations with CFG, requiring 2 x N forward passes per generated
frame.

To eliminate Python-level overhead and kernel-launch latency, the entire ODE solver is captured
into CUDA graphs. At startup, an eager warmup pass is performed for each bucket size and the
corresponding CUDA graph is then captured. During inference, the actual batch size is rounded up to
the nearest bucket by padding the input with zeros. Next, the CUDA graph is replayed and outputs
are sliced back to the actual batch size. If the batch size exceeds the largest captured bucket, the
model falls back to eager execution.

To evaluate the effect of CUDA graph acceleration, we compare the latency and real-time factor
(RTF) when decoding with eager mode and CUDA graphs. Table 7 reports results for a 500-character
text input, a 10-second audio reference and concurrency 1 on a single H200. Enabling CUDA graphs
results in a 47% improvement to latency and reduces the RTF by 2.5x.

Table 7: Effect of CUDA graph acceleration on the flow-matching transformer.

Configuration Latency RTF

Eager mode 133ms  0.258
CUDA graph 70ms  0.103
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6.2 Asynchronous Chunked Streaming

The two pipeline stages run in separate scheduling loops. To overlap the autoregressive generation
stage decoding with codec decoding stage waveform synthesis, an asynchronous chunked streaming
protocol is introduced.

After each generation step, the vVLLM-Omni transfer manager stores the audio tokens to a per-request
buffer. Once the buffer length reaches a pre-defined length, a chunk of tokens are emitted to the
codec decoding stage. To ensure coherence between chunks, each emitted chunk includes a slice
of previous frames in addition to the new frames. This overlap enables the codec decoder’s causal
sliding-window attention to maintain temporal coherence across chunk boundaries.

6.3 Inference Throughput

With the techniques introduced in this section, Voxtral TTS achieves low-latency, high-throughput
inference. Table 8 shows the serving performance on a single NVIDIA H200 from concurrency 1 to
32 with 500-character text inputs and 10-second audio references. As the concurrency is increased
from 1 to 32, the throughput scales from 119 to 1,431 characters per second per GPU, a 12x increase,
while latency remains sub-second. The wait rate, defined as the fraction of audio chunks for which
the client must stall since it is waiting for outputs, remains zero across all concurrency levels. As
concurrency grows, per-request RTF increases modestly to 0.302 at concurrency 32, still well within
the real-time boundary.

These results demonstrate that Voxtral TTS is suitable for production deployment: a single H200 can
serve over 30 concurrent users with uninterrupted streaming output and sub-second time to first audio.

Table 8: Serving performance of Voxtral TTS on a single H200.
Concurrency Latency RTF Throughput (char/s/GPU) Wait Rate

1 70ms  0.103 119.14 0%
16 331ms  0.237 879.11 0%
32 552ms  0.302 1430.78 0%

7 Conclusion

We introduced Voxtral TTS, a multilingual TTS model that leverages a hybrid architecture for
auto-regressive generation of semantic tokens and flow-matching for acoustic tokens. The tokens
correspond to those from Voxtral Codec, a speech tokenizer that combines ASR-distilled semantic
tokens with FSQ acoustic tokens.

Voxtral TTS is able to generate expressive, voice-cloned speech from as little as 3 seconds of reference
audio, and is preferred to API baselines in human evaluations. We release Voxtral TTS as open weights
under the CC BY-NC license to support further research and development of expressive TTS systems.
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