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Abstract

We present VOICESTAR, the first zero-shot
TTS model that achieves both output du-
ration control and extrapolation. VOICES-
TAR is an autoregressive encoder-decoder neu-
ral codec language model, that leverages a
novel Progress-Monitoring Rotary Position
Embedding (PM-ROPE) and is trained with
Continuation-Prompt Mixed (CPM) training.
PM-ROPE enables the model to better align
text and speech tokens, indicates the target du-
ration for the generated speech, and also al-
lows the model to generate speech waveforms
much longer in duration than those seen dur-
ing training. CPM training also helps to miti-
gate the training/inference mismatch, and sig-
nificantly improves the quality of the gener-
ated speech in terms of speaker similarity and
intelligibility. VOICESTAR outperforms or is
on par with current state-of-the-art models on
short-form benchmarks such as Librispeech
and Seed-TTS, and significantly outper-
forms these models on long-form/extrapolation
benchmarks (20-50s) in terms of intelligi-
bility and naturalness. Code and model:
github.com/jasonppy/VoiceStar. Audio sam-
ples: jasonppy.github.io/VoiceStar_web.

1 Introduction

Neural codec language models (NCLMs) have
rapidly become a state-of-the-art method for text-
to-speech (TTS) generation. These models use neu-
ral network audio codecs (Zeghidour et al., 2021;
Defossez et al., 2022) to tokenize speech wave-
forms into sequences of discrete symbols represent-
ing temporal frames. Next, a Transformer (Vaswani
et al., 2017) language model is used to autoregres-
sively model these token sequences. The success of
this approach is due to combination of the modeling
power of Transformer models and the ease of re-
constructing high-fidelity waveforms from the gen-
erated token sequences. However, current NCLM-
based TTS models fall short in several important
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Figure 1: WER comparison between our VOICES-
TAR and F5-TTS (Chen et al., 2024c) under different
context lengths. Both models are trained with maximal
context length of 30 seconds.

ways, specifically their lack of fine-grained control-
lability (especially for duration control) and their
inability to extrapolate to sequence lengths much
longer than those seen during training.

In this paper, we propose solutions for these
problems, and also propose several other novel
techniques for improving the quality of speech gen-
erated by NCLM TTS models.

Specifically, we note that current NCLM-based
TTS models (Wang et al., 2023a; Chen et al.,
2024b; Peng et al., 2024) do not explicitly model
the alignment between their input text and speech
sequences, and instead simply concatenate these
sequences and put the onus on the model to learn
the alignment via standard positional encodings.
Furthermore, standard positional encodings do not
easily enable a user to specify the desired sequence
length of a generation at inference time.

To fix these flaws, we propose to use an
encoder-decoder architecture with a novel Progress-
Monitoring Rotary Position Embedding (PM-
ROPE). This provides the model with a form of
flat-start alignment between text and speech to-
kens from the very beginning of training. The
PM-ROPE embeddings also encode the desired
sequence length for the generated speech, which
implicitly informs the model at each timestep how
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far along the generation has progressed relative to
this target length. Furthermore, we note that exist-
ing NCLM-based TTS models treat voice cloning
TTS as speech continuation, which at test time can
entangle the reference speaker’s voice characteris-
tics with the prosody present in the reference utter-
ance. At inference, we may only wish to clone the
speaker’s vocal characteristics and let the model in-
fer what the prosody or emotional delivery should
be conditioned on the input text. To encourage
this disentanglement, during training we perform
random prompt mixing: sometimes the model is
trained to perform continuation of an utterance,
but other times we sample a random (different)
utterance from the same speaker to serve as the ref-
erence prompt. We call this method continuation-
prompt mixed training (CPM training). The use of
CPM training additionally allows us to apply data
augmentation techniques, such as speed perturba-
tion, which we show improves intelligibility.

To summarize, our contributions are as follows:

1. We propose Progress-Monitoring Rotary Posi-
tion Embeddings, or PM-ROPE, that leads to
robust and duration controllable NCLM-based
TTS, which further unlocks the capability to
generate utterances much longer than those
seen during training;

2. We propose continuation-prompt mixed train-
ing, or CPM training, which improves the in-
telligibility and naturalness of NCLM-based
TTS models;

3. We propose two additional techniques that
positively impact the performance of NCLM-
based TTS models: 1) prompt speed pertur-
bation during training; 2) prompt repetition
during inference.

Combining the proposed techniques, our model,
VOICESTAR, is the first zero-shot TTS model
with duration control and length extrapola-
tion capabilities. VoiceStar achieves performance
better than or on par with other state-of-the-art
models on existing short-form benchmarks includ-
ing Seed-TTS-eval and Librispeech, and signifi-
cantly outperforms current SotA models on long-
form/extrapolation benchmarks.

2 Related Work

Neural Codec Language Models Pioneered
by Lakhotia et al. (2021); Borsos et al. (2022);
Kreuk et al. (2022); Wang et al. (2023a);

Model Paradigm
Open

Source
Voice

Cloning
Duration
Control

Extrapola.

VALL-E (Wang et al., 2023a) AR+NAR ✓
Voicebox (Le et al., 2023) NAR ✓ ✓
MaskGCT (Wang et al., 2024c) NAR ✓ ✓ ✓
F5-TTS (Chen et al., 2024c) NAR ✓ ✓ ✓
VAT (Battenberg et al., 2024) AR ✓
VoiceCraft (Peng et al., 2024) AR ✓ ✓
CosyVoice (Du et al., 2024c) AR ✓ ✓
Llasa (Ye et al., 2025) AR ✓ ✓
VOICESTAR (Ours) AR ✓ ✓ ✓ ✓

Table 1: Conceptual comparison of VOICESTAR with
other models. AR stands for autoregressive and NAR
stands for non-autoregressive. Extrapola. stands for
extrapolation.

Kharitonov et al. (2023); Borsos et al. (2023),
NCLMs have become one of two state-of-the-art
approaches for audio generation, the other being
flow-matching/diffusion models.

Due to the strong in-context learning ability
of Transformer LMs, NCLMs are a particularly
effective approach for zero-shot voice-cloning
TTS (Wang et al., 2023a). In this setting, a model
must clone the vocal characteristics of a reference
speaker that was unseen during training, using sev-
eral seconds of reference speech provided as a
prompt at inference time.
Enhancing the Robustness of NCLM. Despite
their typically strong performance, NCLMs are
known to have robustness issues, such as skipping
words, inserting extra words, repeating words, and
inserting unnaturally long silences (Wang et al.,
2023a; Peng et al., 2024). Several papers have pro-
posed to address these issues from the angle of
text-speech alignment. Specifically, (Song et al.,
2024; Han et al., 2024) use an external forced align-
ment model to tightly couple the text prompt and
generated speech, while (Du et al., 2024a) makes
use of a transducer architecture to implicitly learn
text-speech alignment. Wang et al. (2024a) uses a
constrained attention mechanism to enforce mono-
tonic text-speech alignment. T5-TTS (Neekhara
et al., 2024) loads weights from a textual encoder-
decoder T5 model and introduces an auxiliary
loss to encourage monotonic alignment in the
text-speech cross-attention weights. Also, unlike
speech-continuation training, T5-TTS uses a sepa-
rate utterance drawn from the same speaker as the
prompt during training. This differs from our pro-
posed CPM training in two ways: 1) in addition to
the reference speech, we also append the transcript
to the text that is to be generated; 2) we stochas-
tically mix these same-speaker-different-utterance
prompts with utterance continuation-based prompt-
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ing, which we show in our ablation experiments
to be better than either style of prompting on its
own. VAT (Battenberg et al., 2024) also uses an
encoder-decoder architecture, and proposes a T5-
like relative position embedding to enhance the
text-speech alignment. Notably, VAT also achieves
extrapolation similarly to our model, however it
cannot simultaneously control the duration of the
output as our model can. Another crucial differ-
ence between VoiceStar and VAT is that VAT is
a conventional multi-talker TTS system that can
only generate speech in the voices of speakers seen
during training, and is not capable of zero-shot
voice-cloning TTS.

Note that in addition to improving the text-
speech alignment in NCLMs, there are other works
that have tried other methods to improve robustness,
such as using multi-scale generation to address re-
cency bias (Guo et al., 2024b), enforcing disentan-
glement of speech attributes (Jiang et al., 2024),
incorporating classifier-free guidance (Wang et al.,
2024b), using chain-of-thought prompting (Xin
et al., 2024), and reinforcement learning from hu-
man/AI feedback (Chen et al., 2024a; Hu et al.,
2024; Hussain et al., 2025).
Adding new capabilities to NCLMs. Zhang et al.
(2023); Zhu et al. (2024); Zheng et al. (2025)
extended NCLM-based TTS to the multilingual
case. Wang et al. (2023c,b); Maiti et al. (2023); Wu
et al. (2024); Wang et al. (2025b) propose multi-
task learning for generation and recognition tasks.
Guo et al. (2022); Yang et al. (2023); Liu et al.
(2023); Ji et al. (2023); Leng et al. (2023); Lyth and
King (2024); Diwan et al. (2025) adapt NCLMs to
style-controlled speech synthesis. D’efossez et al.
(2024); Ma et al. (2024); Fang et al. (2024); Yu et al.
(2024); Xu et al. (2024); Zhang et al. (2024, 2025)
propose NCLM-based models for real-time interac-
tive voice assistants. Lajszczak et al. (2024); Wang
et al. (2024c); Ye et al. (2025) investigate scaling
up NCLM-based models. Nishimura et al. (2024)
also focuses on long-form generation, but our work
differs from theirs in that (Nishimura et al., 2024)
specifically trains on long-form speech, while our
model is trained on short-form speech only, yet we
show that it can generalize to long-form speech.
Diffusion/flow-based TTS and Scaling TTS mod-
els. Diffusion/flow-based models represent an-
other popular approach to zero-shot TTS. With
masked reconstruction training, Shen et al. (2023);
Le et al. (2023); Kim et al. (2023) show that
diffusion/flow-based models can achieve SotA per-

formance in zero-shot TTS. Li et al. (2024) distills
efficient diffusion models via direct metric opti-
mization. E2-TTS (Eskimez et al., 2024) simplifies
the model pipeline by removing phoneme duration
prediction and grapheme-to-phoneme modules. F5-
TTS (Chen et al., 2024c) scales E2-TTS to 100k
hours of bilingual (English and Mandarin) speech.
Vyas et al. (2023) also scales a flow-based model
to allow for a variety of capabilities such as style
control and general audio generation. Finally, Du
et al. (2024b); Guo et al. (2024a); Du et al. (2024c)
proposed hybrid models that combine NCLM and
flow-matching.

3 Method

The architecture of VOICESTAR along with a typ-
ical decoder-only, zero-shot TTS architecture are
shown in Fig. 2. VOICESTAR adopts an encoder-
decoder architecture, where the encoder takes as
input IPA phonemes derived from the text tran-
script, and the decoder autoregressively predicts
speech tokens produced by an Encodec model (De-
fossez et al., 2022; Peng et al., 2024). Text and
speech inputs are separated with special tokens to
indicate reference and target, and are positioned
using PM-ROPE, enabling controllable, zero-shot
TTS with duration extrapolation capability. The
following two sections describe the key differences
between our model and prior works in detail.

3.1 Progress-Monitoring RoPE

VOICESTAR builds upon the Rotary Position Em-
bedding (RoPE) (Su et al., 2023). For a detailed
mathematical review of standard dot-product atten-
tion and the original RoPE derivation, please refer
to Appendix A.1.
Progress-Monitoring RoPE (PM-ROPE). While
RoPE has been widely used in textual decoder-
only LLMs to encode absolute positions, speech-
text LMs utilize two distinct input sequences
which often are implicitly aligned. We there-
fore propose a novel extension to RoPE, namely
Progress-Monitoring RoPE (PM-ROPE). When
combined with an encoder-decoder NCLM, PM-
ROPE brings three benefits: 1) improved text-
speech alignment, 2) duration control during gener-
ation, and 3) test-time extrapolation.

Standard RoPE calculates the query (fq) and key
(fk) vectors by applying a rotation matrix R based
on absolute positions t and s. PM-ROPE intro-
duces a simple change to fk and fq by monitoring
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Figure 2: Left: The architecture of VOICESTAR. Right: the common general architecture for zero-shot TTS models,
such as VALL-E (AR part), VoiceCraft, CosyVoice, Llasa etc. VOICESTAR differs from them in three aspects: 1)
it uses an encoder-decoder architecture with PM-RoPE to provide text-speech alignment, duration control, and
extrapolation capability; 2) it uses prompt-continuation mixed training to mitigate the training/inference mismatch
and enhance robustness. Our speech tokenizer based on Encodec (Defossez et al., 2022) uses multiple codebooks
and we apply the delay pattern (Copet et al., 2023) to them, which is not depicted in this figure for simplicity.

fractional progress rather than absolute position:

f PM-ROPE
k (Xs, s) = R

( s

S
Nθ

)
WkXs,

f PM-ROPE
q (Yt, t) = R

(
t

T
Nθ

)
WqYt

where Wk and Wq are learnable projection matri-
ces, and R(·) is the rotation matrix. Instead of
using positions s and t, we measure the fractional
progress of s towards some maximum value S, and
the progress of t towards some maximum value T ,
i.e. s

S and t
T . Specifically, S is the total sequence

length of the source tokens, and T is the (desired)
total sequence length of the target tokens. N is
a hyperparameter that rescales the rotation angle,
which can also be interpreted as the pseudo total
sequence length. The inner product between a key
vector and a value vector becomes:

⟨f PM-ROPE
q (Yt, t), f

PM-ROPE
k (Xs, s)⟩

= Y ⊤
t W⊤

q R

[(
t

T
− s

S

)
Nθ

]
WkXs

Note that the inner product is a function of Yt, Xs

and their relative progress t
T − s

S . Similar to ROPE,
PM-ROPE also enjoys the long-term decay prop-
erty, i.e. the inner product between two tokens de-
creases as the difference between their progresses
increases.

In our encoder-decoder NCLM (the left hand
side in Fig. 2), the encoder takes as input a phonem-
ized text transcript, and the decoder predicts acous-
tic tokens in an autoregressive fashion. We treat
the phonetic tokens as the source tokens X , and
the acoustic tokens as the target tokens Y . When
PM-ROPE is applied to the decoder’s self-attention
mechanism, it provides information about the loca-
tion of the current acoustic token within the overall
target sequence length, which enables output du-
ration control - during autoregressive generation,

0 N

0 N

Training: T = 4

Inference: T = 7

Figure 3: An example on how PM-ROPE turns extrapo-
lation into interpolation: during training, the maximal
training sequence length is 4, and during inference the
target length is 7. The positional encodings for both can
be expressed as sampling points inside the same interval
[0, N ].

when the progress of the target token sequence
reaches 100% (i.e. t

T = 1, where the value of
T is specified in advance by the user), the model
should learn to emit an end-of-generation token.
When PM-ROPE is applied to the cross-attention
connecting the encoder to the decoder (acoustic
tokens attending to phonetic tokens), it provides
information about the temporal alignment between
the two modalities. This is helpful during train-
ing because it provides a flat-start initial alignment
to the untrained model, since an acoustic token’s
cross-attention will be concentrated at the phonetic
tokens occupying the same relative position within
the phonetic sequence, i.e. where the difference
t
T − s

S is small. See Appendix A.3 for more details.

Applying PM-ROPE to the phonetic input is es-
sential for extrapolation, as it unifies the encoder
and decoder under a fixed pseudo length N . Con-
sequently, longer sequences can be processed by
sampling more points within [0, N ] via interpola-
tion (see Fig.3).

3.2 Continuation-Prompt Mixed Training
Although framing zero-shot TTS as speech contin-
uation effectively leverages the strong in-context
learning capabilities of LLM and thus achieves
high speaker similarity, it also introduces a de-
gree of training/inference mismatch. During train-
ing, the emotion, semantics, prosody, and speaking
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style are usually consistent within an utterance, and
therefore will be consistent between the reference
speech and the generation target. However, during
inference the semantics or emotion expressed by
the reference utterance may be very different than
those implicitly expressed in the target transcript
input by a user. In this case, the model must be
able to adjust the prosody and emotional delivery
to match the target transcript, even if they do not
match those found in the reference utterance. We
propose a simple method to mitigate this mismatch:
continuation-prompt mixed (CPM) training (left
hand side of Fig. 2). During each training iteration,
with some probability p we randomly sample two
different utterances from the same speaker and use
one as the reference utterance and one as the target.
With probability 1− p we use standard speech con-
tinuation based-training, i.e. we only sample one
utterance and mask it, using the unmasked portion
of the utterance as the reference and the masked
portion of the utterance as the target. When using
two different utterances we also have the opportu-
nity to perform data augmentation to one but not
the other. Specifically, we apply speed perturba-
tion to the reference utterance with probability p′

and speed factor δ = 0.25. This randomly speeds
up or slows down the reference speech, keeping
its total duration within 1± δ of its original dura-
tion. When a prompt is selected, we use learnable
sep_tokens to separate the prompt and target, and
only calculate the loss on target tokens.
Prompt repetition for improving speaker simi-
larity. Another benefit of CPM training is that it
allows us to improve speaker similarity between
the generated speech and the reference speech by
simply repeating the reference utterance and its
transcript multiple times, without harming intel-
ligibility. Counterintuitive as it might be, since
no additional information is provided by repeat-
ing the prompt, we hypothesize that repeating the
reference utterance increases the influence of the
ground-truth speech tokens when performing the
weighted sum over tokens within attention layers,
biasing the model to attend more to the reference
speech tokens than its previous generations, result-
ing in generated speech that is more similar to the
reference prompt. As we quantitatively show in
our experiments (Fig. 7b), when a model is trained
solely on speech continuation, reference prompt
repetition degrades the intelligibility (WER) of the
generated speech because it biases the model to ex-
hibit a repetitive style. On the other hand, when us-

ing CPM training this issue is mitigated because 1)
the model has been trained on examples where the
reference speech and target speech express differ-
ent styles and 2) sep_tokens explicitly separates
the reference and target utterances, makes it easier
to align the text and the corresponding speech.

4 Experiments

4.1 Setup

Training data. Our training set consists of the
English portion of Emilia (He et al., 2024) and
a subset of the training splits of Libriheavy and
Libriheavy-long (Kang et al., 2023), totaling 65K
hours. Emilia is a multilingual dataset comprised
of in-the-wild speech of diverse styles. Its English
portion contains 46K hours of speech, and after
filtering out low quality data following Chen et al.
(2024c), approximately 40K hours remain with a
maximum utterance duration of 30 seconds. Libri-
heavy is an automatically transcribed version of the
LibriLight audiobook corpus. The original release
of Libriheavy contains 50k hours of speech, and we
also make use of the recently released Libriheavy-
long dataset, which is a re-segmented version that
has longer segments ranging from 20 seconds to
100 seconds, totaling 42K hours. Note that in or-
der to fairly compare with other models on extrap-
olation, we only train our models on utterances
with duration less than or equal to 30 seconds. We
randomly sampled 25K hours of speech from Lib-
riheavy. Crucially, both Emilia and Libriheavy
contain speaker information (although speaker in-
formation in Emilia is provided using automatic
speaker diarization, we found it to be very reliable),
and therefore we are able to sample multiple utter-
ances from the same speaker for CPM training. We
phonemize all text transcripts into the IPA phoneme
set using espeak-ng (Duddington et al.).
Evaluation tasks and data. We evaluate our mod-
els on two English-language, zero-shot TTS tasks:
short-form TTS and long-form TTS. For short-form
TTS (≤20s): we use Seed-TTS eval set (Anastas-
siou et al., 2024) and Librispeech-PC (Chen et al.,
2024c), each containing around 1000 prompt-target
pairs with prompts and targets <10s. For Long-
form TTS, we consider three duration ranges (20-
30s, 30-40s, and 40s-50s) and source the evalua-
tion data from the libriheavy test and validation
sets (we use validation set due to the scarcity of
long-form speech samples in the test set. We thus
avoid using the validation set to do any hyperpa-
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rameter tuning or early stopping of model training).
We sample 1000 prompt target pairs for the 20-
30s range, 500 pairs for the 30-40s range, and 100
pairs for the 40-50s duration range. For our abla-
tion studies, we sample a 1000 utterance evaluation
set from the Libriheavy validation set with lengths
shorter than 20 seconds for short-form ablations
(Tab. 2), and lengths between 20 and 30 seconds
for extrapolation (Tab. 3, no overlap with the test-
sets). For duration specification with the ≤20s test
sets, following Chen et al. (2024c) and estimate
the duration of the target sequence by calculating
the speaking rate of the reference prompt (in terms
of seconds-per-character) and multiplying it by the
character length of the target text; for ablations
and long-form TTS, we use the ground truth du-
ration because the estimated duration sometimes
falls outside of the target range (for example, when
testing model performance on 40-50s speech, the
estimated duration could be only 35 seconds), and
we only compare against models that can also con-
trol the duration of their generations. We also show
in Appendix B.3 our model’s performance on long-
form TTS when using the automatically estimated
durations.
Model, training, inference, and baselines. Our
main model has 840 million parameters, composed
of 12 standard Transformer encoder layers and 40
Transformer decoder layers, where the dot-product
attention mechanism is replaced by our proposed
PM-ROPE. The hidden dimensions for both the
encoder and decoder are 1024, and the model has
16 attention heads. For our ablation studies, we
train 230 million parameter models with a hidden
states dimension of 768, composed of 10 encoder
layers and 16 decoder layers. The decoder-only
model used in our ablation studies has 16 layers
with a hidden dimension of 1024. We use the 4-
codebook 50Hz Encodec model released by Voice-
Craft (Peng et al., 2024) as our speech tokenizer.
The pseudo sequence length N is set to 2000 for
all models where PM-ROPEis used. Models are
trained with ScaledAdam (Yao et al., 2024) with
a maximum batch size of 0.3(ablation)/1.78(main)
hours of audio. The base learning rate is 0.03 and
scheduled by the Eden scheduler (Yao et al., 2024).
All models are trained for 50k steps with codebook
loss weights of {5, 1, 0.5, 0.1}, similarly to Peng
et al. (2024). Our main model is further trained
for an additional 18k steps with codebook weights
{2.5, 2, 1.5, 0.6}, as we found it to improve both
intelligibility and speaker similarity metrics. Our

main model is trained for 8 days on 8 L40 and 16
GH200 GPUs. The main model is trained on the
entire 65k hour training set with maximal context
length of 30 seconds, and the ablation models are
trained on a 16k hour subset with maximal con-
text length of 20 seconds. We use top-k sampling
during inference with k = 10. For our baselines,
we compare against VoiceCraft (Peng et al., 2024),
FireRedTTS (Guo et al., 2024a), CosyVoice (Du
et al., 2024b), MaskGCT (Chen et al., 2024c), F5-
TTS (Chen et al., 2024c), CosyVoice2 (Du et al.,
2024c), and Llasa (Ye et al., 2025). We addi-
tionally report in Appendix B.2 the performance
of closed source models: Seed-TTS (Anastassiou
et al., 2024), and concurrent work Metis (Wang
et al., 2025b) and SparkTTS (Wang et al., 2025a).
Evaluation Metrics. We use word error rate
(WER) and speaker similarity (SpkSim) as auto-
matic evaluation metrics following prior works.
For our ablation studies, we additionally use UT-
MOS (Saeki et al., 2022) to measure naturalness
and DurDiff defined as the absolute difference be-
tween target generation duration and actual du-
ration, to measure duration controllability. For
comparison with other SoTA models on short-
form TTS, we follow Seed-TTS eval setup and
use Whisper-v3 (Radford et al., 2022) for ASR and
the WavLM speaker verification model (Chen et al.,
2021) for SpkSim. For long-form TTS, we used
Whisper Large-v3-turbo for ASR as we found it to
be both more accurate and faster. We additionally
conduct subjective human evaluation using Ama-
zon Mechanical Turk, focusing on three aspects:
intelligibility, naturalness, and speaker similarity.
For ≤20s testsets, since most models performance
similarly, we adapt the Comparative MOS protocol
from (Loizou, 2011), where we compare each gen-
erated sample with ground truth target sample on a
7-point Likert scale (-3 to 3). For 20-50s testsets,
we use the regular MOS protocol, where we ask
humans to rate each generated sample on a 5-point
Likert scale (1 to 5). For each sample, we collect
10 human ratings for CMOS and 5 for MOS. To
facilitate a fairer comparison, we also resample all
speech waveforms to 16 kHz.

4.2 Ablations
Tab. 2 shows how each component of our model
contributes to its overall performance. We first com-
pare the performance of the decoder-only model
with sinusoidal position embedding (PE) and the
encoder-decoder model with RoPE. The encoder-

11742



Architecture PE Training WER ↓ UTMOS ↑ SpkSim ↑ DurDiff ↓
Dec Sinusoid Continuation 11.04 2.767 0.537 1.245
Enc-Dec RoPE Continuation 8.82 3.301 0.592 1.812
Enc-Dec PM-ROPE Continuation 8.49 3.337 0.601 0.009
Enc-Dec PM-ROPE CPM 6.42 3.365 0.587 0.009
Enc-Dec PM-ROPE CPM+SA 5.66 3.345 0.583 0.009

Table 2: Ablation studies on enc-dec architecture, PM-ROPE, and CPM training. CPM stands for continuation-
prompt mixed training. SA stands for speech augmentation on prompt during training.

decoder model outperforms the decoder-only in
all metrics except for DurDiff. But when RoPE
is replaced by PM-ROPE(line 3 v.s. line 4), we
see DurDiff drops from 1.812 to 0.009, which is
a lower bound for this metric under our setup, be-
cause the codec token resolution is 0.02s per token.
This illustrates the dramatic effectiveness of PM-
ROPE in enabling precise duration control. We
also see a slight improvement on all other metrics,
indicating the benefit of the improved text-speech
alignment introduced by PM-ROPE. Lastly, we
see further improvement when CPM and speed
augmentation is applied. Fig. 4 further shows the
impact of different probability of using prompt as
prefix and speed augmentation on prompt during
training. Tab. 3 shows the benefit of PM-ROPE on
test time extrapolation, where the models trained on
a maximal 20 seconds context length (prompt + tar-
get speech duration) are tested on 20 to 30 seconds
context length. We see that to ensure extrapola-
tion, it is necessary to apply PM-ROPE on both
the encoder and the decoder, additionally we see
that PM-ROPE improves the extrapolation WER
from 11.46 to 6.75 compared to RoPE.
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Figure 4: Effects of prompt-prob and speed augmenta-
tion for CPM training.

Enc PE Dec PE WER↓ SpkSim ↑
RoPE RoPE 11.46 0.630
RoPE PM-ROPE 28.67 0.605
PM-ROPE PM-ROPE 6.75 0.640

Table 3: Extrapolation capabilities of RoPE and PM-
ROPE. Max training context length: 20s, test: 20s - 30s.

Fig. 5 shows the impact of prompt repetition on
generation quality, measured by WER (left in red)
and SpkSim (right in blue). The red and blue dotted
horizontal lines indicate the performance when we
repeat prompt for each sample so that the context
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Figure 5: Ablation on the impact prompt repetition on
generation quality measured by WER and SpkSim. The
red and blue horizontal dotted lines are the performance
when we repeat prompt so that the context length reach
the maximal training duration.

length (i.e. prompt + generation length) reaches
the maximum seen during training, i.e. 20 seconds.

We see that as the number of repetitions in-
creases from 0 to 3, WER sees very little degra-
dation, while SpkSim improves from around 0.63
to 0.66. But as we further increase the number
of repetitions, both WER and SpkSim start to de-
grade. In our main experiments on short-form
TTS, we choose to repeat each sample until the
context length reaches the maximal training dura-
tion (i.e. the approach that produces the dotted
lines in Fig. 5). On long-form TTS, we repeat
the prompt once for the 20-30s range and do not
apply prompt repetition to longer ranges. To test
whether prompt repetition can also improve the
performance of models trained with speech contin-
uation, we tested F5-TTS on the same dataset using
the same prompt repetition technique.

We found that for F5-TTS, prompt repetition has
a significantly negative impact on intelligibility:
repeating prompt to reach the maximum duration
seen during training duration degrades WER from
3.1 to 75.4. Further experiments on the impact of
prompt repetition can be found in Appendix B.1.

4.3 Short-form TTS

As shown in Tab. 4, on Librispeech-PC (Chen
et al., 2024c), VOICESTAR outperforms other mod-
els during human evaluation on both naturalness
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(N-CMOS) and speaker similarity (S-CMOS). No-
tably, VOICESTAR (along with several other mod-
els) even outperforms the ground truth speech.
Anecdotally, we hypothesize that this is due to the
fact that audiobook speech is highly regular and
sometimes monotonic, but since our model is also
trained on in-the-wild conversational data, it tends
to generate speech with a more natural flow. On
Seed-TTS (en) (Anastassiou et al., 2024), VOIC-
ESTAR is slightly worse than the best performing
models Llasa 1B and MaskGCT. However, we find
that the automatic WER and SpkSim metrics are
not perfectly correlated with human judgements:
for example, Llasa 1B achieves a SpkSim of 0.58,
which is lower than VOICESTAR, but humans rate
it to have a higher speaker similarity than VOIC-
ESTAR. Overall, most models perform similarly
on the two test sets and are often rated as equal or
even better than ground truth.

Model WER SpkSim S-CMOS N-CMOS

LibriSpeech-PC

Ground Truth 2.23 0.69 0.00 0.00
FireRedTTS (Guo et al., 2024a) 7.73 0.45 -0.48±0.22 -0.89±0.21

Llasa 1B (Ye et al., 2025) 4.28 0.47 0.27±0.19 0.13±0.20

CosyVoice (Du et al., 2024b) 3.40 0.66 0.37±0.19 0.07±0.21

VoiceCraft (Peng et al., 2024) 3.09 0.52 0.15±0.20 -0.37±0.20

CosyVoice2 (Du et al., 2024c) 2.66 0.66 0.40±0.19 0.06±0.21

MaskGCT (Wang et al., 2024c) 2.66 0.66 0.21±0.20 -0.25±0.21

F5-TTS (Chen et al., 2024c) 2.57 0.65 0.12±0.20 -0.43±0.21

VOICESTAR 2.64 0.63 0.60±0.19 0.18±0.21

Seed-TTS (en)

Ground Truth 2.15 0.73 0.00 0.00
FireRedTTS (Guo et al., 2024a) 9.09 0.45 -1.24±0.16 -0.92±0.18

Llasa 1B (Ye et al., 2025) 5.13 0.58 -0.23±0.14 0.05±0.16

CosyVoice (Du et al., 2024b) 4.20 0.64 -0.42±0.16 -0.36±0.18

VoiceCraft (Peng et al., 2024) 3.45 0.52 -0.84±0.19 -0.73±0.18

CosyVoice2 (Du et al., 2024c) 2.69 0.66 -0.11±0.16 -0.19±0.15

MaskGCT (Wang et al., 2024c) 2.52 0.71 -0.13±0.15 -0.14±0.15

F5-TTS (Chen et al., 2024c) 1.78 0.66 -0.18±0.14 -0.21±0.16

VOICESTAR 2.15 0.63 -0.32±0.15 -0.18±0.14

Table 4: Short context evaluation sets (≤ 20 seconds):
LibriSpeech-PC and Seed-TTS. N-CMOS stands for
naturalness comparative MOS, and S-CMOS stands for
Speaker Similarity Comparative MOS, where model
generated samples are compared to ground truth. Ex-
cept for ground truth which are taken from Anastassiou
et al. (2024) and Chen et al. (2024c), numbers for other
models are reproduced by us using the corresponding of-
ficial codebases, and a comparison between the reported
numbers in other papers and our reproduced numbers
can be found in App. B.2.

4.4 Long-form TTS
Long-form TTS is much more challenging than
short-form. To force a model to generate speech
of a predefined duration, we only compare models

that support duration control. We see in Tab. 5
that across different context length ranges, VOIC-
ESTAR significantly outperforms other models on
WER, intelligibility MOS (I-MOS), and natural-
ness MOS (N-MOS), and the gap is especially large
as the context length increases. As for speaker simi-
larity, VOICESTAR is a close second on every range,
and is on par with or better than ground truth target
speech in the 20-40s range. By listening to bad
samples, we found that different models have dif-
ferent failure modes - for F5-TTS and MaskGCT,
the models tend to clone the prompt voice well
but devolve into unintelligible speech or random
words. In contrast, VOICESTAR sometimes gener-
ates speech in a voice that slightly deviates from
that of the prompt, but the generated words fol-
low the target transcript closely and with a high
naturalness.

Model WER SpkSim S-MOS I-MOS N-MOS

20s-30s, within training duration

Ground Truth 3.78 0.86 3.95±0.16 4.01±0.13 3.63±0.14

F5-TTS (Chen et al., 2024c) 5.31 0.70 4.03±0.15 3.47±0.15 2.97±0.17

MaskGCT (Wang et al., 2024c) 3.91 0.76 4.29±0.13 3.55±0.16 3.07±0.18

VOICESTAR 3.53 0.72 4.13±0.14 3.75±0.14 3.45±0.15

30s-40s, extrapolation

Ground Truth 3.13 0.86 4.12±0.19 4.21±0.15 4.05±0.16

F5-TTS (Chen et al., 2024c) 34.15 0.70 3.97±0.15 2.21±0.15 2.15±0.16

MaskGCT (Wang et al., 2024c) 13.81 0.75 4.27±0.14 3.06±0.18 2.79±0.18

VOICESTAR 7.27 0.70 4.11±0.17 4.16±0.14 3.69±0.16

40s-50s, extrapolation

Ground Truth 2.52 0.87 4.33±0.16 4.52±0.11 3.99±0.16

F5-TTS (Chen et al., 2024c) 52.44 0.70 4.04±0.17 1.94±0.15 2.35±0.14

MaskGCT (Wang et al., 2024c) 82.29 0.65 3.95±0.20 1.42±0.10 1.61±0.13

VOICESTAR 11.91 0.70 3.94±0.18 3.23±0.19 3.23±0.19

Table 5: Long context evaluation results. All models are
trained with a maximal training length of 30 seconds. I
in I-MOS stands for intelligibility, N stands for natural-
ness, and S stands for speaker similarity.

5 Conclusion

We introduce VOICESTAR, a novel autoregressive
NCLM-based, zero-shot TTS model that achieves
robust and duration-controllable speech synthe-
sis, as well as the ability to generate speech
longer than what was seen during training. The
key novel contributions of our approach include
the Progress-Monitoring Rotary Position Embed-
ding (PM-ROPE) for effective text-speech align-
ment, duration control, and extrapolation; and
continuation-prompt mixed training (CPM) to ad-
dress the training/inference mismatch. By scal-
ing up the training data and model size, VOICES-
TAR sets new state-of-the-art results on both short-
form and long-form TTS benchmarks.
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Limitations

Speaker similarity. On short-form TTS bench-
marks, thanks to the prompt repetition trick, our
model is either SotA or on par with SotA on speaker
similarity. However, on long-form TTS, since the
context length is already at or exceeds maximal
training duration, excessive prompt repetition can
significantly degrade intelligibility and therefore
our model exhibits a gap with SotA speaker sim-
ilarity. We argue that speaker similarity is not a
weakness of the main ideas proposed in this paper,
and can be separately addressed by e.g. using more
advanced neural codec model (Ye et al., 2025), or
adapting multistage modeling approaches (Wang
et al., 2024c; Du et al., 2024c).
Generation speed. Our 840M model has a real-
time factor (RTF) larger than 1 and therefore cannot
perform faster-than-real-time generation. Although
this could be mitigated by techniques such as quan-
tization (Dettmers et al., 2022), grouped predic-
tion (Chen et al., 2024b), speculative decoding (Li
et al., 2025; Nguyen et al., 2025), etc.
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A Background and Model Details

A.1 Preliminaries: Dot-product Attention and
RoPE

Here we provide the mathematical background for
the standard attention mechanisms and Rotary Po-
sition Embeddings that serve as the foundation for
our PM-ROPE.
Dot-product attention. We use the commonly
used “source-target” terminology throughout to de-
scribe different attention mechanisms. Note that tar-
get and source can reference to the same sequence,
in which case attention refers to self-attention. De-
note the source token embedding at position s as
Xs ∈ RD, 1 ≤ s ≤ S and the embedding of target
token at position t as Yt ∈ RD, 1 ≤ t ≤ T . The
embeddings first get projected into key, query, and
value vectors as

Ks = fk(Xs, s) := WkXs,

Qt = fq(Yt, t) := WqYt,

Vs = fv(Xs, s) := WvXs

Where Wk, Wq, and Wv are learnable matrices.
We denote the inner product operator as ⟨·, ·⟩.

Also let the attention weight from target token at
position t to source token at position s be Wt,s, and
the output of the attention layer at position t be Ot,
which are calculated according to:

Et,s =
⟨fq(Yt, t), fk(Xs, s)⟩√

D

Wt,s =
exp(Et,s)∑
s′ exp(Et,s′)

and Ot =
∑

s′ Wt,s′Vs′ .
The attention mechanism is a powerful way to

provide contextualization, but it does not explic-
itly include token position information. Therefore,
various position embedding methods have been pro-
posed to address this issue (Vaswani et al., 2023;
Raffel et al., 2023; Su et al., 2023; Press et al.,
2022).
RoPE (Su et al., 2023). Rotary Position Embed-
ding (RoPE) redefines the projection functions
fq(Yt, t) and fk(Xs, s) such that their inner prod-
uct is a function g() of the corresponding target
and source token embeddings, and their relative
position, which can be formally written as:

⟨fROPE
q (Yt, t), f

ROPE
k (Xs, s)⟩ = g(Yt, Xs, t− s)

For simplicity, we first explain RoPE in the 2-
dimensional case. The 2-D rotation matrix R(γ) is

11749

https://api.semanticscholar.org/CorpusID:270212284
https://api.semanticscholar.org/CorpusID:270212284


defined as:

R(γ) =

(
cos γ − sin γ
sin γ cos γ

)

RoPE applies this rotation matrix to key and query
calculation according to:

fROPE
k (Xs, s) = R(sθ)WkXs,

fROPE
q (Yt, t) = R(tθ)WqYt

Where θ is a hyperparameter that specifies the per
position rotation angle. The inner product between
the key and the query becomes:

⟨fROPE
q (Yt, t), f

ROPE
k (Xs, s)⟩
= Y ⊤

t W⊤
q R((t− s)θ)WkXs

Observe that due to the application of the rotation
matrix, the inner product is a function of Yt, Xs,
and their relative position within the input sequence
t− s.

The value vector is calculated the same as in
vanilla attention, i.e. fROPE

v (Xs, s) := fv(Xs, s).
Also the attention weights Wt,s and overall atten-
tion output Ot are calculated similarly to vanilla
attention.

A.2 RoPE and PM-RoPE for higher
dimensions

For higher dimensions, rotation matrix is defined by
dividing the space into D/2 2-dimensional spaces,
and applying a 2-dimensional rotation matrix (with
different θs) to each space. Mathematically, see
Eq. 1. Similarly, the rotation matrix for PM-RoPE
in higher dimension is show in Eq. 2, where T is
the total length of the sequence.

where Θ = {θi = 10000−2(i−1)/D, i ∈
[1, 2, ..., D/2]}. RoPE requires D is even.

A.3 text-speech alignment in different models

for decoder only model, text tokens usually pre-
ceed speech tokens; for encoder-decoder model,
text tokens are the input to the encoder and speech
tokens are the input to decoder, and speech token
attends to text tokens via cross-attention. Here we
visualize self-attention in encoder only model and
cross-attention in encoder-decoder model. We set
text and speech token embeddings to unit vectors,
so that visualized attention maps solely reveal the
inductive bias introduce by model architecture and
position embeddings.

B More Results

B.1 Comparing impact of prompt repetition
on VOICESTAR v.s. F5-TTS

Fig. 7a and Fig. 7b show the effect of prompt repeti-
tion technique on VOICESTAR and F5-TTS. We see
that prompt repetition is not suitable for F5-TTS,
because although it improves speaker similarity
slightly when the number of repetitions is small, it
quickly degrades WER significantly as the number
of repetition increases.

B.2 reported and reproduced results
Tab. 6 and Tab. 7 show the reported and reproduced
results of different models on LibriSpeech-PC and
Seed-TTS (en). We see that most reported numbers
are closely reproduced, except for FireRedTTS and
VoiceCraft. For VoiceCraft, we found that instead
of using the recommended top p sampling with 0.9
probability, using top k sampling with top k of 40
significantly improves results.

Model WER SpkSim

Reported

Ground Truth 2.23 0.69
FireRedTTS 3.82 0.46
CosyVoice 3.39 0.64
F5-TTS 2.42 0.66

Reproduced

FireRedTTS 7.73 0.45
Llasa 1B 4.28 0.47
CosyVoice 3.40 0.66
VoiceCraft 3.09 0.52
MaskGCT 2.66 0.66
CosyVoice2 2.66 0.66
F5-TTS 2.57 0.65
VOICESTAR 2.64 0.63

Table 6: LibriSpeech-PC (Chen et al., 2024c). Reported
numbers are taken from (Chen et al., 2024c).

B.3 Using Character duration-based
estimation v.s. ground truth duration

Tab. 8 shows objective metrics comparing model
performance using ground truth duration versus us-
ing estimated duration (Chen et al., 2024c). We see
that in most cases, using estimated duration will de-
grade the performance. We argue that ground truth
duration is not necessary for good performance in
that we could train duration predictor (Le et al.,
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Figure 6: attention maps

2023; Lee et al., 2024) that can potentially achieve
much better duration estimation than the current
naive approach.

C Instructions for human listening test

Screenshots of instructions for all human listening
test we used on Amazon Mechanical Turk is shown
in figure 9 to figure 12. We used 13 dollar per
hour to reward the workers. We only allow Turkers
who are resident of the US, Australia, Canada, and
UK to participate, in hope that the workers are
native English speakers. We acknowledge that this
is not a perfect approach and might lead to bias
in judgment, but since Amazon Mechanical Turk
doesn’t allow selection on native language, this is
the best approach we could think of as a proxy to
constraining the native language.

D Broader Societal Impact

D.1 Potential Risks and Mitigation

VOICESTAR introduces novel capabilities in zero-
shot voice cloning and length extrapolation, allow-
ing for the generation of high-fidelity, long-form
speech. We acknowledge that these advancements
carry potential risks of misuse, including imperson-
ation, fraud, and the creation of misleading deep-
fakes. To mitigate these risks, we are actively de-
voted to developing audio watermarking and anti-
spoofing techniques to help identify synthesized
content. Furthermore, by open-sourcing our code
and weights, we aim to assist the research commu-
nity in developing robust detection systems against
deepfakes.

11751



Reported Reproduced

Model WER SpkSim Model WER SpkSim

Ground Truth 2.15 0.73 FireRedTTS 9.09 0.45
VoiceCraft 7.56 0.47 Llasa 1B 5.13 0.58
FireRedTTS 3.82 0.46 CosyVoice 4.20 0.64
CosyVoice 3.39 0.64 VoiceCraft 3.45 0.52
Llasa 1B 3.22 0.57 CosyVoice2 2.69 0.66
MaskGCT 2.47 0.72 MaskGCT 2.52 0.71
CosyVoice2 2.38 0.65 F5-TTS 1.78 0.66
Metis 2.28 0.72 VOICESTAR 2.15 0.63
Seed-TTS 2.14 0.76
SparkTTS 1.98 0.58
F5-TTS 1.83 0.67

Table 7: Seed-TTS English performance comparison. The left section shows Reported numbers taken from
corresponding cited papers (Anastassiou et al., 2024; Wang et al., 2024c; Chen et al., 2024c; Du et al., 2024c; Ye
et al., 2025; Wang et al., 2025b,a). The right section shows our Reproduced results. For VoiceCraft, our reproduced
version uses topk of 40 for sampling which leads to better performance. Models in the Reported section are ordered
by arXiv submission time.

Model WER SpkSim

Duration GT Est. GT Est.

20s-30s, within training duration

Ground Truth 3.78 - 0.86 -
F5-TTS (Chen et al., 2024c) 5.31 7.94 0.70 0.70
MaskGCT (Wang et al., 2024c) 3.91 4.74 0.76 0.76
VOICESTAR 3.53 4.60 0.72 0.71

30s-40s, extrapolation

Ground Truth 3.13 - 0.86 -
F5-TTS (Chen et al., 2024c) 34.15 33.34 0.70 0.70
MaskGCT (Wang et al., 2024c) 13.81 26.39 0.75 0.73
VOICESTAR 7.27 8.29 0.70 0.69

40s-50s, extrapolation

Ground Truth 2.52 - 0.87 -
F5-TTS (Chen et al., 2024c) 52.44 50.28 0.70 0.70
MaskGCT (Wang et al., 2024c) 82.29 77.24 0.65 0.64
VOICESTAR 11.91 17.33 0.70 0.66

Table 8: Long context evaluation results listed as given duration estimated by character duration of prompt versus
ground truth duration. All models are trained with a maximal training length of 30 seconds. I in I-MOS stands for
intelligibility, N stands for naturalness, and S stands for speaker similarity.

D.2 Licensing and Data Usage

Our model utilizes the Emilia and Libriheavy
datasets for training. We will release our model
weights under a responsible use license that ex-
plicitly prohibits illegal applications, such as non-
consensual voice cloning or the spread of disinfor-

mation.
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(a) VOICESTAR(same figure shown in main text).
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(b) F5-TTS.

Figure 7: Comparison of the impact of prompt repetition on VOICESTAR (left) and F5-TTS (right). In the
VOICESTAR figure, the red and blue horizontal dotted lines indicate performance when we repeat the prompt so the
context length (prompt + generation) reaches the maximal training duration. We do not show the dotted lines for
F5-TTS because the model does not produce intelligible speech (WER is 75.4). We see that VOICESTAR’s WER
stays stably low while SpkSim benefits from repeating the prompt until repeating for more than 6 times, while for
F5-TTS, repeating the prompt for more than 2 times degrades WER significantly. Note that the WER y-axis ticks
for VOICESTAR and F5-TTS are at very different scale.

Figure 8: screenshots for comparative speech naturalness human evaluation. There are seven options: A is much
more natural, A is more natural, A is slightly more natural, equally natural, B is much more natural, B is more
natural, B is slightly more natural.

Figure 9: screenshots for comparative speaker similarity human evaluation. There are also seven options, replacing
the word “natural” in comparative naturalness task with “similar”
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Figure 10: screenshots for speech naturalness human evaluation. There are five options, Excellent, Good, Fair, Poor,
Bad

Figure 11: screenshots for speech intelligibility human evaluation. There are five options, Excellent, Good, Fair,
Poor, Bad

Figure 12: screenshots for speech intelligibility human evaluation. There are five options, Excellent, Good, Fair,
Poor, Bad
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