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Abstract

We introduce KALL-E, a novel autoregressive (AR) language
model for text-to-speech (TTS) synthesis that operates by
predicting the next distribution of continuous speech frames.
Unlike existing methods, KALL-E directly models the con-
tinuous speech distribution conditioned on text, eliminating
the need for any diffusion-based components. Specifically,
we utilize a Flow-VAE to extract a continuous latent speech
representation from waveforms, instead of relying on discrete
speech tokens. A single AR Transformer is then trained to
predict these continuous speech distributions from text, op-
timizing a Kullback–Leibler divergence loss as its objective.
Experimental results demonstrate that KALL-E achieves su-
perior speech synthesis quality and can even adapt to a target
speaker from just a single sample. Importantly, KALL-E pro-
vides a more direct and effective approach for utilizing con-
tinuous speech representations in TTS.

Project — https://github.com/xkx-hub/KALL-E

Introduction
Large language models (LLMs), known for their impres-
sive zero-shot and in-context learning abilities, have uni-
fied the research paradigm in natural language process-
ing. Inspired by the success of text-based LLMs (OpenAI
2023), the next-token prediction framework has been ex-
tended to tasks in other modalities. Text-to-speech (TTS),
for instance, has recently gained popularity by being framed
as a next-token prediction problem (Wang et al. 2023) (Chen
et al. 2024). In this approach, speech signals are first tok-
enized into sequences of discrete units using vector quan-
tization (Défossez et al. 2022) (Zeghidour et al. 2022).
A decoder-only language model is then trained on these
acoustic tokens. However, unlike naturally discrete text data,
speech discretization relies on complex quantization tech-
niques and presents additional challenges.

Despite significant efforts to enhance discrete speech to-
kenizers (Zhang et al. 2024) (Li et al. 2024) (Ye et al.
2024) (Ji et al. 2024), serious issues remain. First, dis-
crete speech tokens may lose certain information during to-
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Figure 1: Overview of KALL-E. It predicts the continuous
speech distribution frame by frame.

kenization (Meng et al. 2024), even if this loss is imper-
ceptible to humans or specific models. Similar issues have
been observed in some vision studies (Tschannen, East-
wood, and Mentzer 2024) (Wang et al. 2025b), where the re-
construction quality of quantized tokens typically falls short
of their continuous-valued counterparts. Second, many dis-
crete speech tokens tend to have a high frame rate, resulting
in strong similarities between tokens over short periods. This
can cause language models to generate long stretches of si-
lence or continuous noise, leading to hallucinations (Song
et al. 2025). Some tokenizers use multiple discrete tokens
per speech frame to capture richer acoustic details (Kumar
et al. 2023), but this greatly increases the training com-
plexity of the language model. On the other hand, recently
single-codebook codecs preserve less acoustic information
and depend on a more powerful generation module to en-
hance details (Du et al. 2024a). This multistep process re-
duces inference efficiency and raises computational costs.

Recent studies (Meng et al. 2024) (Wang et al. 2025a) (Jia
et al. 2025) have explored continuous speech representations
within autoregressive language modeling frameworks to ad-
dress the limitations of discrete speech tokenization. How-
ever, modeling these continuous representations introduces a
range of challenges. Traditional regression-based loss func-
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tions used in MELLE (Meng et al. 2024), such as mean ab-
solute error (MAE) and mean squared error (MSE), rely on
overly simplified distributional assumptions. These assump-
tions often fail to capture the multimodal and complex na-
ture of training data, leading to predictions that are ambigu-
ous, oversimplified, or overly averaged. Some studies have
introduced additional processing architecture after the lan-
guage model to enhance the capacity of continuous repre-
sentations modeling. However, this often leads to a complex
model structure. Moreover, relying on post-processing net-
works to predict continuous representations can undermine
the language model’s overall modeling capacity.

A further limitation of existing approaches lies in the fail-
ure to fully exploit the ability of continuous representation to
carry information from speech almost without loss. Continu-
ous representation avoids information loss caused by quanti-
zation, but the frame rate of continuous representation mod-
eled in many works is even several times that of discrete to-
kens. For LM-based TTS, high frame rate modeling objects
will affect modeling stability and limit the maximum model-
ing time. On the other hand, the increase in sequence length
will increase the amount of calculation for autoregressive
LM geometrically, reducing the inference speed.

To solve the above problems, we propose KALL-E, a
novel AR speech synthesis approach with next-distribution
prediction. First, KALL-E employs Kullback-Leibler (KL)
divergence loss for next-distribution prediction over tradi-
tional cross-entropy. This method models speech features in
continuous space, avoiding the information loss from quan-
tization. Second, we explore a novel representation better
suited for continuous autoregressive modeling. By introduc-
ing flow into the VAE, the extracted continuous features are
not constrained to a strict Gaussian prior. This yields more
diverse generation results and robust modeling. To leverage
the high information density of continuous representations,
KALL-E operates at a low 12.5 Hz frame rate, significantly
boosting inference speed. Additionally, test-time training
(TTT) allows KALL-E to adapt to a target distribution from
a single sample, exploiting the high information density of
continuous representations to improve model capability. For
our experiments, we use the Emilia dataset for primary train-
ing. We evaluate KALL-E on Seed TTS eval (Anastassiou
et al. 2024), comparing it with popular TTS systems includ-
ing Seed-TTS (Anastassiou et al. 2024), FireRedTTS (Guo
et al. 2024), CosyVoice (Du et al. 2024a), and Llasa (Ye et al.
2025). Experimental results show KALL-E achieves impres-
sive performance in both speed and accuracy. Specifically,
it obtains a substantial reduction in word error rate (WER)
compared to previous models while maintaining high natu-
ralness. Moreover, KALL-E generates expressive, context-
aware speech, effectively handling complex linguistic and
emotional features.

Our contributions can be summarized as follows:

• We propose KALL-E, a novel AR speech synthesis ap-
proach with next-distribution prediction.

• We explore Flow-VAE, which not only reconstructs
speech signals with high quality but also captures a richer
acoustic distribution that is more suitable for autoregres-

sive LM modeling.
• Remarkably, KALL-E synthesizes speech at a low frame

rate, which improves the inference speed, and achieves
the lowest word error rate.

• We open-source our model and code to further advance
continuous representational autoregressive modeling.

Preliminaries
Variational Autoencoder (VAE)
Unlike traditional autoencoders, VAE employs latent vari-
ables and variational inference to model data distribu-
tions explicitly. Specifically, given an observed sequential
data X, VAE introduces continuous latent variables Zc =(
zct ∈ Rdcz

)T
t=1

to encode patterns, where dcz is the dimen-
sion of latent variables chosen as a hyperparameter. The gen-
erative model (Decoder) pθ (X | Zc) parameterized by θ de-
fines the likelihood of observed data conditioned on latent
variables, and the inference model (Encoder) qϕ (Zc | X)
parameterized by ϕ approximates the true posterior distribu-
tion. The joint distribution of observed and latent variables
is given by pθ (X,Zc) = p (Zc) pθ (X | Zc) where the prior
distribution is typically assumed as a standard Gaussian dis-
tribution p (Zc) = N (0, I). Due to the intractability of di-
rectly computing the posterior pθ(Zc|X), VAE employs the
evidence lower bound (ELBO) for optimization:

log pθ(X) ≥ Eqϕ(zc|x) [log pθ(X|Zc)]−DKL (qϕ(Z
c|X)||p(Zc))︸ ︷︷ ︸

OELBO

.

(1)
Maximizing OELBO effectively trains the encoder-decoder
architecture, encouraging the inferred latent representation
Zc to summarize the sequential data compactly.

Speech Language Model
Speech language models aim to model speech sequences
through latent speech representations, commonly known as
speech tokens. Following recent works, a general framework
for token-based speech modeling typically consists of three
components: a speech tokenizer, an autoregressive model,
and a decoder. Specifically, given the raw speech input X, a
speech tokenizer maps X into a sequence of discrete seman-
tic tokens Zd = (zdt ∈ Nk)

T
t=1, where Nk = {1, 2, . . . , k}

denotes a finite vocabulary of speech units. The implicit dis-
tribution learned by the pretrained tokenizer can be repre-
sented as p(Zd|X). Next, the autoregressive model parame-
terized by ψ models temporal dependencies of the discrete
token sequences as

pψ(Z
d) =

T∏
t=1

pψ(z
d
t |Zd1:t−1). (2)

Finally, a decoder θ reconstructs the speech X from the dis-
crete speech tokens Zd via pθ(X|Zd). However, since dis-
crete tokens primarily capture linguistic information, this
approach tends to overlook the rich paralinguistic features
inherent in speech signals, and thus, discrete autoregressive
models may struggle to integrate paralinguistic nuances.
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Figure 2: KALL-E Model Architecture: Left: Flow-VAE encoder and decoder for encoding and decoding continuous speech
latents. Right: Autoregressive language Model with speaker encoder for text-to-speech generation.

KALL-E
KALL-E conceptualizes text-to-speech (TTS) as a condi-
tional language-modeling task framed as next-distribution
prediction. Conventional LLM-based TTS systems rely on
a fixed-size token dictionary and optimize a cross-entropy
objective to anticipate the next token. This formulation is
token-oriented, aiming to approximate the probability dis-
tribution of the forthcoming token. In contrast, KALL-E
learns to predict continuous speech distributions directly,
conditioned on textual input. As illustrated in Figure 2, the
model comprises two principal components: (i) a flow vari-
ational auto-encoder (Zhang et al. 2025) (Flow-VAE) and
(ii) an autoregressive language model. The Flow-VAE en-
codes raw waveforms into a continuous latent space that
captures fine-grained acoustic variation. By integrating a
normalizing-flow module into the conventional VAE, we
enhance the expressiveness and diversity of the latent dis-
tribution. These continuous latents provide well-structured
training targets for the language model, which predicts
them autoregressively from text. Finally, the Flow-VAE
decoder transforms the predicted latents back into the
natural-sounding speech.

Flow-VAE
To furnish the autoregressive (AR) language model with
continuous speech latents, we first train a variational
auto-encoder (VAE) in an unsupervised manner.

We augment the vanilla VAE with a normalising
flow (Rezende and Mohamed 2015) f , which establishes
a bijective transformation between a simple prior and a
more complex posterior. We note that similar approaches
using normalizing flows to enhance prior distributions have
also been observed in (Kim, Kong, and Son 2021) (Zhang
et al. 2025) for text-to-speech. Concretely, we draw z ∼
N (µϕ(x), σϕ(x)) and obtain z̃ = f(z). The regularisa-
tion objective minimises the Kullback–Leibler divergence

between the transformed posterior and the standard normal
prior:

Lkl = DKL(qϕ(z̃ | x) ∥ p(z̃))), (3)

qϕ(z̃ | x) = N(f(z̃);µϕ(x), σϕ(x))

∣∣∣∣det ∂f(z̃)∂z̃

∣∣∣∣ , (4)

z ∼ N(µϕ(x), σϕ(x)), (5)

p(z̃) = N(z̃, 0, I). (6)

This regularises the encoder to produce Gaussian-distributed
latents without forcing them into a unit standard normal,
thereby increasing the diversity of the latent space.

As for the detailed architecture of the proposed Flow-
VAE, the encoder consists of a stack of down-sampling di-
lated convolution layers with residual blocks, which effec-
tively capture abstract features in the speech. After encod-
ing, the produced mean and variance are interpreted as the
parameters of the learned latent distribution qϕ(z | x) =
N(µϕ(x), σϕ(x)). The decoder mirrors the encoder’s archi-
tecture but uses transposed convolution layers with residual
blocks to up-sample the latent representation z back into
the waveform x̂. Additionally, we integrate advanced tech-
niques, such as the Snake activation function from BigV-
GAN (Lee et al. 2023), to enhance the decoder’s perfor-
mance. The Flow-VAE is optimized with a weighted sum
of four losses:

LFlow-VAE = λkl LKL + λrecon Lrecon

+ λdisc Ldisc + λfm Lfm. (7)

where Lrecon is an ℓ1 mel-spectrogram loss, Ldisc com-
bines multi-period and multi-resolution discriminator losses,
and Lfm is the feature-matching loss from (Kumar et al.
2019), all balanced by λ hyperparameters.
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Autoregressive Language Model
With the assistance of Flow-VAE, KALL-E employs a
causal transformer decoder as the language model to au-
toregressively predict the continuous speech distribution.
Specifically, the input text tokens are first converted into
embeddings by the text embedding layer. Simultaneously,
a linear layer projects the sampled speech distribution z into
the dimension of the language model. Additionally, a small
segment of the speech is randomly extracted and fed into
the speaker encoder, which extracts a speaker embedding
S and places it at the front of the sequence. The language
model, consisting of blocks of multi-head self-attention and
feed-forward layers, takes the concatenated speaker, text,
and speech embeddings as input, modeling the dependency
between semantic and acoustic information.

At each time step t, the output of the language model, the
output hidden ht, is processed by a linear layer to predict
the mean µt and variance σt of the target speech distribu-
tion. These parameters are then used to sample the predicted
speech distribution for the subsequent autoregressive (AR)
step. This process can be formulated as:

p(µ, σ | S, text, θ) =
T∏
t=1

p(µt, σt | S, text, Z<t, θ). (8)

Zt ∼ N(µt, σt). (9)

where θ is the parameter of the language model.
We use the Kullback-Leibler (KL) divergence loss as the

training objective for the AR language model. The KL loss
has two components: one arises from the difference between
the predicted and real speech distributions, and the other is
related to stop prediction. Here, we define N(1, e) as the
stop distribution. The KL loss is computed as follows:

LLM =

T∑
t=1

DKL
(
qϕ(zt | X)

∥∥ p(Zt | Z1:t−1, text, S, θ)
)

+ λendDKL
(
Nend

∥∥ p(e | Z, text, S, θ)).
(10)

where Nend is the pre-defined end distribution, and λend is
a hyperparameter that controls its contribution.

Speaker Voice Distribution Modeling
KALL-E without an explicit speaker encoder can handle
two extreme cases: (i) reference-guided voice cloning, by
prepending one target utterances to the sequence (in-context
learning, ICL), the model faithfully mimics that timbre; and
(ii) reference-free synthesis, when no audio is supplied, the
model hallucinates a plausible but essentially random tim-
bre, which is generally impossible to reproduce later.

To simultaneously achieve high voice diversity and repro-
ducibility, we introduce Speaker Voice Distribution Model-
ing. As illustrated in Figure 3, we extract a speaker embed-
ding with ECAPA-TDNN (Desplanques, Thienpondt, and
Demuynck 2020) and project it through a linear layer to ob-
tain a latent representation. During training, a KL term reg-
ularises the latent toward an isotropic Gaussian prior.

Figure 3: The Architecture of the Speaker Encoder.

During inference, when a reference utterance is available,
we extract its speaker latent S and use it as a condition,
yielding deterministic voice cloning. If no reference is pro-
vided, we instead draw S̃ ∼ N (0, I); because the random
seed, S̃, can be stored, the resulting timbre can be repro-
duced exactly, thereby resolving the “lucky-voice-but-can’t-
find-again” problem. Consequently, KALL-E unifies con-
trollable voice cloning with high-diversity, yet repeatable,
random voice synthesis within a single latent framework.

Test Time Training
Continuous latents preserve far more fine-grained informa-
tion than discrete tokens. To exploit this capacity at in-
ference, KALL-E adopts a lightweight test-time training
(TTT) (Sun et al. 2020) procedure that adapts the language
model to a new speaker from just one utterance. Given the
prompt utterance S, we employ the pretrained Flow-VAE to
extract the distribution of the prompt speech S. This distri-
bution constitutes the supervision signal for TTT.

We draw N latent sequences by repeating the reparame-
terisation trick, and collect them into the TTT dataset:

zi ∼ N(µϕ(S), σϕ(S)). (11)

DTTT = {z1, z2 . . . zn}. (12)
During TTT, we freeze the speaker encoder and fine-tune
only the language model. The end–of–sequence distribution
is excluded from the loss. Given the fixed transcript, which
we assume can always be obtained, and a sampled latent pre-
fix, the model predicts the frame-level distribution. The loss
is the KL divergence between predicted and target distribu-
tions, excluding the end-of-sequence frame.

This approach mitigates overfitting from single-sample
adaptation, while enabling the model to better capture
speaker-specific details like style, accent, and other paralin-
guistic features.

Experimental Setup
Dataset
We select the open-source Emilia (He et al. 2024) as the
training dataset. Emilia is a multilingual, diverse, in-the-
wild speech dataset designed for large-scale speech gen-
eration. In this work, we perform unsupervised training
on Flow-VAE using Emilia’s speech data. For the autore-
gressive language model, we utilize both English and Chi-
nese data from Emilia, totaling approximately 96.7k hours.
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Model Latent Dim Frame Rate STOI↑ PESQ WB↑ PESQ NB↑ SPK-SMI↑ UTMOS↑

Ground Truth - - 1.00 4.64 4.55 1.00 4.09

DAC-12 Layer (Kumar et al. 2023) - 50 0.95 4.01 4.15 0.95 4.00
DAC-2 Layer (Kumar et al. 2023) - 50 0.73 1.13 1.40 0.32 1.29
Mimi (Défossez et al. 2024) - 12.5 0.91 2.25 2.80 0.73 3.56
X-codec2 (Ye et al. 2025) - 50 0.92 2.43 3.04 0.82 4.13

Stable Audio VAE (Evans et al. 2025) 64 12.5 0.96 3.11 3.73 0.93 4.06

Flow-VAE (Proposed)

64 100 0.96 3.56 3.95 0.94 4.07
64 12.5 0.87 2.01 2.67 0.59 3.66
256 12.5 0.94 2.91 3.52 0.87 3.97
256 25 0.96 3.40 3.87 0.93 4.00
512 12.5 0.96 3.26 3.80 0.92 3.97

1024 12.5 0.97 3.71 4.05 0.95 3.99

Table 1: Audio reconstruction results for discrete tokenisers and continuous VAEs on test-clean subset of LibriSpeech.

Given that the pre-training data may suffer from poor audio
quality and inaccurate transcripts, we select a subset with
higher audio quality and perform a second round of tran-
scription and cleaning using a different automatic speech
recognition (ASR) tool than the one used in the origi-
nal paper. The cleaned output, combined with our internal
data, forms our second-stage fine-tuning dataset, compris-
ing about 3,000 hours, which we also use for small-scale
experiments. Additionally, we leverage the ESD (Zhou et al.
2022) dataset to train the model’s capability for emotion-
aware speech generation. For evaluation, we follow the pro-
cedure of Llasa (Ye et al. 2025) and use the test-clean subset
of LibriSpeech (Panayotov et al. 2015) to assess the perfor-
mance of Flow-VAE. The test-clean subset contains 2,620
utterances sampled at 16 kHz. For the review of TTS capa-
bilities, we use the test-zh and test-en subsets of the Seed-
TTS (Anastassiou et al. 2024) test sets.

Implementation and Hyperparameters
For Flow-VAE, the encoder and the flow follow the archi-
tecture of Glow-WaveGAN (Cong et al. 2021), while the
decoder is based on the settings of BigVGAN (Lee et al.
2023). The latent dimension of the speech distribution z is
set to 512, with a frame rate of 12.5 Hz. For the autoregres-
sive language model, we utilize the open-source LLama3.2-
1B-Instruct (Touvron et al. 2023) model as our backbone.
For the speaker encoder, we randomly initialize an ECAPA-
TDNN (Desplanques, Thienpondt, and Demuynck 2020)
module and randomly select 3-second audio segments from
the target speech as input, optimizing it together with the
autoregressive language model. We complete the training
of Flow-VAE and the autoregressive language model on 8
NVIDIA A100 GPUs. Regarding training hyperparameters,
the values of λkl, λrecon, λdisc, and λfm are set to 32, 1, 1,
and 1, respectively. The λend is set to 0.02.

Comparison Models
We compare Flow-VAE with several open-source
speech tokenizers, including DAC (Kumar et al. 2023),
Mimi (Défossez et al. 2024), Xcodec-2 (Ye et al. 2025), and
Stable Audio VAE (Evans et al. 2025). Except for Stable

Audio VAE, we use the officially released checkpoints.
For Stable Audio VAE, we use the same training data to
train a 12.5 Hz model with a dimension size of 64 for
comparison. For TTS capabilities, we compare KALL-E
with several popular zero-shot TTS models, including
Seed-TTS (Anastassiou et al. 2024), FireRedTTS (Guo
et al. 2024), CosyVoice (Du et al. 2024a), CosyVoice 2 (Du
et al. 2024b), and Llasa (Ye et al. 2025). Note that the
training data used by these models may differ. The model
most comparable to KALL-E is Llasa-1B-160k, which has
similar parameters and training data, both of which are
trained from Llama3.2-1B-Instruct (Dubey et al. 2024).
For inference efficiency comparison, we also evaluate it
against the non-autoregressive language synthesis model
F5TTS (Chen et al. 2025). In terms of context awareness,
we compare it with Llasa-8B (Ye et al. 2025).

Evaluation Metrics

For Flow-VAE evaluation, we adopt the following metrics:
(1) Short-Time Objective Intelligibility (STOI); (2) Percep-
tual Evaluation of Speech Quality (PESQ); (3) a WavLM-
based speaker verification model for speaker similarity (SPK
SIM) (Chen et al. 2022); and (4) UTMOS (Saeki et al. 2022).
For TTS evaluation, we employ both subjective and ob-
jective evaluations. Specifically, we use the Mean Opinion
Score (MOS) to assess the naturalness of synthetic speech,
and the Similarity Mean Opinion Score (SMOS) to evalu-
ate speaker similarity between synthetic and prompt speech.
Each evaluation involves at least 10 participants. The rat-
ing scale is as follows: 1 (bad), 2 (poor), 3 (fair), 4 (good),
and 5 (great), with half-point increments. Besides, we follow
Seed-TTS (Anastassiou et al. 2024) and measure Word Error
Rate (WER), Character Error Rate (CER), and speaker sim-
ilarity (SIM). Moreover, to assess inference efficiency, we
report giga-floating-point operations per second (GFLOPS),
providing a hardware-agnostic metric that helps neutralize
variations across test environments. Additionally, we use
Emotion2Vec (Ma et al. 2024) to assess the emotional cate-
gory of the generated speech.
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Experimental Results
VAE Evaluation

We first quantify the audio reconstruction quality of Flow-
VAE and then analyze how the normalizing-flow module in-
fluences the latent distribution.

Audio-reconstruction Quality. As shown in Table 1, dis-
crete tokenizers require high frame rates to minimize in-
formation loss. When DAC is compressed from 12 to 2
layers, PESQ-WB plummets from 4.01 to 1.13 and STOI
from 0.95 to 0.73. Even Mimi, stacking eight layers at 12.5
Hz, remains far below the 12.5 Hz VAE. In contrast, Flow-
VAE can maintain high-quality speech signal reconstruction
at low frame rates, outperforming most discrete tokenizers.
Under the matching 64-dim / 12.5 Hz setting, Stable-Audio
VAE outperforms Flow-VAE because its KL penalty on the
latent Gaussian prior is almost zero, nearly reducing the
model to a plain auto-encoder. Flow-VAE deliberately keeps
high KL weight, preserving a well-shaped latent space at the
cost of reconstruction, an investment that will pay off for
generation. Though this gap confirms that a stronger Gaus-
sian constraint indeed limits representational capacity, it is
important to note that both the frame rate and the latent di-
mension affect the reconstruction performance of VAE. The
reconstruction quality improves as the latent dimension and
the frame rate increase, which enlarges the information ca-
pacity of latent variables. By increasing the latent dimen-
sion, we achieve a high-quality reconstruction while main-
taining a low frame rate.

Figure 4: Kernel density estimates of latent representations.

Latent Distribution. We trained both Stable Audio VAE
and Flow-VAE with identical data, frame rate, and latent di-
mension. We then plotted the resulting latent mean and vari-
ance distributions. The results are shown in Figure 4.

Flow-VAE’s mean distribution is broader than that of Sta-
ble Audio VAE. This suggests Flow-VAE maps audio to
a wider range, aiding the model in distinguishing between
frames. Additionally, Flow-VAE’s variance distribution dif-
fers significantly from Stable Audio VAE’s. Flow-VAE ex-
hibits a larger variance, improving language modeling ro-
bustness. This increased variance allows the VAE to toler-
ate greater prediction deviations from the mean. Moreover,
it increases the probability of overlap between distributions.
Predicted points in these overlapping regions have a higher
likelihood of diverse interpretations. We speculate this ex-
plains its ability to generate diverse speech.

Model test-zh test-en
CER ↓ SIM ↑ WER ↓ SIM ↑

Human 1.26 0.755 2.14 0.734

Seed-TTS 1.12 0.796 2.25 0.762
FireRedTTS 1.51 0.635 3.82 0.460
CosyVoice 3.63 0.723 4.29 0.609
CosyVoice 2 1.45 0.748 2.57 0.652

Llasa-1B-160k 2.22 0.658 3.60 0.563
KALL-E 0.96 0.646 1.94 0.568

KALL-E (TTT) 1.02 0.698 1.90 0.611

Table 2: Recognition error rates and speaker similarity
on the Chinese (test-zh) and English (test-en) sets. Lower
CER/WER and higher SIM indicate better performance.

Model MOS↑ SMOS↑
KALL-E 4.17 ± 0.08 3.93 ± 0.15
Llasa 1B 3.92 ± 0.12 3.85 ± 0.08
Llasa 8B 3.97 ± 0.10 3.92 ± 0.11
CosyVoice 2 4.03 ± 0.16 3.92 ± 0.08
F5TTS 3.93 ± 0.07 3.87 ± 0.12

Table 3: Subjective Evaluation on Seed-TTS test sets: Natu-
ralness (MOS) and Speaker Similarity (SMOS).

TTS Evaluation
We compare KALL-E with state-of-the-art LM-based
text-to-speech (TTS) systems on the Seed-TTS test
set (Anastassiou et al. 2024). We trained KALL-E using a
12.5 Hz, 512-dim Flow-VAE.

Voice Cloning. Table 2 reports the results. Despite being
trained with the least data, KALL-E achieves the best decod-
ing accuracy on both languages: 0.96 CER on test-zh and
1.94 WER on test-en. KALL-E (TTT), incorporating test-
time training, improves SIM performance while maintain-
ing comparable CER and WER to the base model. Notably,
some discrete-token systems report SIM scores higher than
KALL-E. Since these systems condition on reference audio
when decoding tokens into waveforms, we hypothesize this
extra conditioning inflates objective similarity scores and
may influence perceived naturalness. We investigate this hy-
pothesis in the subsequent subjective test.

We conducted a subjective evaluation on the Seed-TTS
test sets to assess naturalness and speaker similarity. Fif-
teen native listeners participated in the evaluation via a web
interface. Table 3 reports the mean MOS for naturalness
and SMOS for speaker similarity. Listeners rated KALL-E
highest in naturalness, significantly outperforming Llasa-1B
and matching the much larger Llasa-8B. SMOS differences
among the top systems were within one interval width, indi-
cating comparable voice fidelity.

Inference Efficiency. To quantify generation efficiency,
we compute the floating-point operations (GFLOPs) re-
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Model Parameter Frame Rate Flops (Gflpos)↓
KALL-E 1B 12.5 7 947.48
Llasa 1B 1B 50 122 170.02
CosyVoice 2 500M 25 12 095.08
F5TTS 300M 93.75 11 546.98

Table 4: Comparison of 10s audio inference speeds for dif-
ferent models. In order to eliminate the impact of the test
environment on the final results, we calculated the number
of floating-point operations of different models.

Figure 5: Heatmap of emotion recognition confusion matri-
ces for synthetic speech (LLaSA-8B vs. KALL-E).

quired to synthesise 10s of speech (Table 4). A lower codec
frame rate (12.5 Hz) offsets KALL-E’s large parameter
count, making it faster than all baselines and showing the
high inference efficiency.

Context Awareness. To further assess the context aware-
ness of KALL-E, we leverage ChatGPT to create emotional
texts and then synthesize speech only using these texts as in-
put. Finally, we use Emotion2Vev to recognize the emotion
and draw the confusion matrix. As shown in Figure 5, com-
pared to Llasa-8B, KALL-E can infer the more appropriate
emotion solely from the input text without any emotional
speech prompt. We attribute this ability to two aspects. On
the one hand, we started training from the text-pretrained
LM, and the model itself has a certain understanding of se-
mantics. On the other hand, most of the paralinguistic in-
formation, such as emotions, is retained in the continuous
representation, which is conducive to the model learning the
mapping from text to emotions.

Ablation Study
Flow-VAE Ablation This section evaluates how different
Flow-VAE variants impact LM modeling. We also compare
Flow-VAE with a same-dimension Stable Audio VAE to as-
sess the flow module’s effect on LM modeling. All experi-
ments are conducted on a small-scale dataset.

Table 5 reveals that reducing the latent dimension affects
SIM metrics more than WER. This suggests the VAE pri-
oritizes discarding detailed acoustic features during encod-
ing. Furthermore, replacing Flow-VAE with Stable Audio
VAE significantly degrades model performance. This indi-
cates our Flow-VAE is better suited for LM modeling.

Model Latent Dim Frame Rate CER ↓ SIM ↑
Flow-VAE 64 12.5 6.15 0.435
Flow-VAE 256 12.5 4.91 0.438
Flow-VAE 256 25 7.30 0.401
Flow-VAE 512 12.5 2.79 0.495
Flow-VAE 1024 12.5 19.69 0.357

Stable Audio VAE 64 12.5 40.09 0.117

Table 5: Comparison of Flow-VAE and Stable Audio VAE
Encoder Configurations: Impact on Language Model Char-
acter Error Rate and Similarity

Figure 6: Effect of TTT Training Set Size (N) on speaker
similarity and character error rate.

Test Time Training (TTT) Ablation In this section, we
verify the ultimate improvement in model performance
achieved by TTT. To enhance the comparison, we primar-
ily selected test items from the seed Chinese test set with
a non-zero CER index, combined with a few randomly se-
lected items, for a total of 200 items as the test set. During
adaptation, we kept the learning rate fixed at 1×10−6 and var-
ied the size of the TTT training subset N . Figure 6 plots the
resulting speaker similarity (left axis) and CER (right axis).
Similarity increases almost monotonically with N , suggest-
ing that most speaker-specific information can be captured
with TTT. CER falls sharply around N=200, after which it
climbs again. We attribute the rebound to mild over-fitting:
the model begins to mimic disfluencies or idiosyncratic pro-
nunciations present in the reference. These findings indicate
that TTT is sufficient to enhance both perceived identity and
intelligibility.

Conclusion
In this paper, we propose KALL-E, a novel model that pre-
dicts speech distribution for speech synthesis. By integrat-
ing the flow module into the traditional VAE architecture,
KALL-E introduces a continuous representation extracted
via Flow-VAE, which is better suited for autoregressive
modeling. This continuous representation allows KALL-
E to achieve efficient and fast speech synthesis at a low
frame rate. Additionally, KALL-E demonstrates strong con-
text awareness, enabling the model to infer emotions from
text without any additional emotional speech prompts. The
incorporation of TTT further enhances the model’s perfor-
mance. Experimental results demonstrate the effectiveness
of the proposed model and its ability to generate natural, ex-
pressive, and context-aware speech.
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