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Abstract

Although recent text-to-speech (TTS) models based on flow
matching have achieved remarkable generation quality, their re-
liance on numerous sampling steps hinders practical deploy-
ment. In this work, we introduce an adversarial post-training
strategy for flow matching TTS that significantly reduces the
required sampling steps. Our approach treats a pre-trained flow
matching model as a few-step generator, optimizing it with re-
construction and adversarial objectives. We integrate this tech-
nique into APTTS, our novel latent flow matching framework
for zero-shot TTS, and demonstrate its superiority over state-
of-the-art baselines with real-time applicability. Furthermore,
we validate the scalability of our adversarial post-training ap-
proach by applying it to Matcha-TTS, a publicly available flow
matching model. Evaluations on a multi-speaker dataset show
that our method enhances audio quality while reducing infer-
ence time, underscoring its potential as a scalable solution for
real-time TTS.

Index Terms: speech synthesis, flow matching, adversarial
learning, zero-shot

1. Introduction

Recent advances in deep generative models have significantly
improved text-to-speech (TTS) synthesis quality. In particular,
zero-shot TTS has emerged as a promising approach, aiming
to replicate distinctive vocal characteristics and prosodic nu-
ances using only a single speech prompt. Current state-of-the-
art zero-shot TTS systems often leverage latent diffusion mod-
els [1-3], applying a diffusion process to well-regularized latent
speech representations—encoded as discrete tokens or continu-
ous vectors. In contrast, flow matching [4] has also been ap-
plied to zero-shot TTS, achieving performance on par with la-
tent diffusion models [5-7]. However, unlike latent diffusion
approaches, flow matching models typically rely on fixed inter-
mediate representations (e.g., mel-spectrograms), which limits
the potential for learning more optimal, task-specific represen-
tations. Although latent flow matching has been successfully
adopted in other domains [8, 9], its use in TTS remains rela-
tively underexplored. One of the key objectives of our work
is to bridge this gap by incorporating latent flow matching into
zero-shot TTS.

A common limitation of both diffusion and flow match-
ing models is the need for numerous iterative sampling steps
to achieve high-quality generation, which increases inference
latency. To address this issue, several acceleration techniques
have been proposed in recent TTS studies [10-13]. For exam-
ple, FlashSpeech [10] introduces adversarial consistency learn-
ing, ReFlow-TTS [11] employs a Reflow [14] process, E1 TTS
[12] incorporates distribution matching distillation [15], and
PeriodWave-Turbo [13] uses adversarial flow matching opti-
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mization. Overall, one key emerging trend is the use of ad-
versarial learning to construct efficient few-step generators.

In this paper, we introduce APTTS, a fast latent flow match-
ing framework for zero-shot TTS that leverages an adversarial
post-training (AP) strategy to accelerate inference. Our method
first learns continuous latent speech representations via a vari-
ational autoencoder (VAE) [16] bottleneck, then trains a flow
matching model to approximate these normalized latents from
both text and speech prompts. We subsequently refine the
trained flow matching model by treating it as a few-step gen-
erator and optimizing its output latents with a combination of
reconstruction and adversarial objectives. This AP procedure
reduces the training-inference mismatch and achieves a superior
trade-off between synthesis speed and audio quality. Although
similar acceleration techniques have been explored in the wave-
form domain [13], our work is the first to integrate the AP
strategy within the intermediate representation domain of TTS
through a purpose-designed discriminator, effectively mitigat-
ing the primary computational bottleneck of current zero-shot
systems. Moreover, we introduce a hybrid classifier-free guid-
ance (CFG) technique to naturally incorporate CFG [17] into
our few-step generator, further enhancing context and prompt
fidelity.

Experimental evaluations on zero-shot TTS demonstrate
that APTTS achieves state-of-the-art performance with real-
time applicability. In addition, we validate the scalability of our
AP approach by integrating it into Matcha-TTS [18], which not
only accelerates inference but also improves generation quality
in a multi-speaker TTS task.'

2. Preliminary: Flow Matching

Flow matching (FM) [4] is a generative modeling framework
that defines a probability path p;(x) transforming a known ini-
tial distribution po (z) into a target distribution p1 (), which ap-
proximates a true data distribution ¢(z). The FM model, param-
eterized by a neural network 6, learns a time-dependent vector
field ug (2) : [0, 1] x R? — R that constructs this path. Specifi-
cally, conditional flow matching (CFM) trains the FM model to
estimate a conditional vector field u:(x|z1) derived from the
conditional probability path p.(x|z1):

Lema(0) = Bt g(ay) e (olan) [ (@]z1) = ve(a; 0)[17], (1)

where ¢ ~ U[0, 1], z1 is drawn from g(z), and v¢(z; 0) is the
predicted vector field. During inference, an ordinary differential
equation (ODE) solver is used to generate 1 from g ~ po(x)
by querying the learned FM model for the current vector field
at each time step.

'Demo samples are available at ht tps: //1fmaptts.github.
io/aptts
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Figure 1: Overall framework of the (a) training and (b) inference stages of the proposed model.

A particularly convenient choice of the conditional path
is an optimal transport path [4] that transfers each xg, drawn
from standard Gaussian distribution po(x), toward the tar-
get x1 at a constant velocity. In this setting, the vec-
tor field is time-invariant with constant direction and speed,
defined as wu¢(x|z1) 21 — (I — Omin)xo and its
corresponding conditional grobability path is p¢(z|z1)
N(z|tz1,(1 — (1 — omin)t)" I), where omin is typically a
small constant. This simple formulation yields practical ben-
efits, including faster training convergence and reduced error
accumulation during inference.

3. Method

Fig. 1a illustrates the overall framework of APTTS. Our train-
ing procedure is divided into three stages. First, we pre-train a
VAE to learn a continuous latent space from speech, with pitch
information extracted separately and fed into the VAE decoder.
Second, we train the remaining modules: a FM decoder approx-
imates the learned latent and a pitch predictor estimates pitch
information, conditioned on text and speech prompt. In our
framework, the mel-spectrogram serves as the speech prompt.
Finally, we apply the AP strategy exclusively to the FM decoder.

3.1. Pre-training VAE with Explicit Pitch Modeling

We adopt a VAE architecture similar to PeriodVITS [19], mod-
ifying the encoder to receive a mel-spectrogram instead of a
linear spectrogram. Explicit fundamental frequencies (FO) and
binary voicing flags are separately extracted to generate a sinu-
soidal source signal, which is fed to the VAE decoder. This sep-
arated design improves pitch reconstruction, thereby enhanc-
ing the naturalness of synthesized speech. Unlike PeriodVITS,
which performs TTS directly with a conditional VAE, our ap-
proach focuses on learning a well-regularized latent space. To
this end, we use a latent dimension of 64 and down-weight the
regularization loss (defined as the KL divergence between the
latent distribution and a standard Gaussian) to 1x10~*. To fur-
ther boost audio fidelity, we employ a multi-period discrimi-
nator (MPD) [20] and a multi-resolution discriminator (MRD)
[21] with a truncated pointwise relativistic loss [22]. Other loss
terms, including a reconstruction loss, adversarial loss, and fea-
ture matching loss, follow [19].

3.2. FM Decoder and Pitch Predictor

After pre-training the VAE, we train the remaining modules
to estimate the learned latent and pitch information from text
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and speech prompt. First, we encode a text sequence using a
transformer encoder [23] that is conditioned on a global style
embedding extracted from the speech prompt. Specifically,
an SC-CNN [24] mechanism injects the style embedding into
the text encoder, while a NeXt-TDNN [25]-based style en-
coder produces the embedding from a mel-spectrogram. A self-
supervised aligner [26] is jointly trained to get the alignment
between the text encoder output cic.+ and the frame-level latent
z1, and a duration predictor [23] estimates the text durations
from cieqt. A length regulator then upsamples ctez+ into frame-
level ¢, a style-aware context embedding that is used for both
the FM decoder and the pitch predictor.

For the FM decoder, we adopt a Diffusion Transformer
(DiT) [6,27] as the backbone. RoPE [28] is integrated into
the self-attention layers, and adalLN-single [29] is employed
to reduce model parameters. Following prior work [3, 5-7],
we frame zero-shot TTS as a speech infilling task, where the
model learns to reconstruct masked segments using both text
and surrounding speech segments. Let z; denote the learned
latent, zp a sample from a standard Gaussian, and m a binary
temporal mask. Under an optimal transport path setting, the
decoder receives: a flow step ¢ € [0, 1], a noisy latent z;, =
(1 = (1 — omin)t)20 + t21, a latent prompt p = (1 — m) © 21,
and the context embedding c. The flow step ¢ is embedded via
sinusoidal positional encoding, and the sequences (2, p, c) are
concatenated and projected into the hidden dimensions of DiT.
The decoder is trained with the Lcpm objective to estimate the
target vector field v; = z1 — (1 — omin) 20, With loss computed
only on the masked frames. Here, the mask m covers a random
contiguous region whose length is uniformly sampled between
70% and 100% of the full frame length.

To enhance context and prompt fidelity, we adopt a dual
CFG strategy [30, 31] to the FM decoder. During training,
the context embedding c is dropped with a 5% probability, the
prompt p with 10%, and both together (c, p) with 10%. These
dropout schemes enable the model to learn both conditional and
unconditional outputs. At inference, the latent is sampled via
ODE solver by guiding the vector field at each time step ¢ as:

’Dt (Zi7p7 C) = Ut (Zt7p7 C)
+Otp (vt (Zt7p7®) — Ut (Zh@:@))

+ac(vf (Ztagvc)_vt (Zh@v@))a (2)

where & denotes a null condition (i.e., zero tensor), and «, and
a. denote the guidance scales for each fidelity.
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The pitch predictor estimates pitch information from c and
is also conditioned on the speech prompt similarly to the FM
decoder. Specifically, the same mask m is applied to the pitch
prediction loss [19] and surrounding segments (1 — m) of first
20 mel-spectrogram bins are used as the prompt, which is con-
catenated with c at the input of the pitch predictor.

3.3. Adversarial Post-training

To accelerate inference, we apply the AP strategy to the trained
FM decoder. In this stage, the FM decoder is repurposed as a
few-step generator that employs an ODE solver with fixed time
steps, inherently reducing the training-inference mismatch. We
directly align its output latents with the target using a recon-
struction loss, and further incorporate an adversarial loss via
a discriminator to better align the generated latent distribution
with the target under limited sampling steps. As shown in Fig. 2,
we adopt a joint conditional and unconditional (JCU) discrim-
inator based on the architecture proposed in [32], with modi-
fications tailored to our framework. Specifically, we condition
the discriminator on a time-averaged embedding of the prompt
p to enhance the similarity between the generated speech and
the prompt, and replace strided convolutions with dilated con-
volutions to facilitate masked loss computation. The overall AP
loss is defined as:

LAP =mQ (Lrecon + LJC’U + )\mefm)y (3)

where Lyecon is the L1 reconstruction loss, Lycy and Ly,
the least-squares adversarial loss and the feature matching loss
(dynamically scaled by A, ) from [32]. The mask m is applied
to all loss terms.

Hybrid CFG. Recent few-step acceleration methods [14, 15]
often adopt a fixed CFG scale during training; however, this ap-
proach presents several issues. In particular, it increases training
time because both conditional and unconditional outputs must
be computed in a single forward process, and limits user flex-
ibility in controlling fidelity at inference. Moreover, using a
large guidance scale leads to a substantial discrepancy between
the generated and target latent distributions at the initial stage
of AP, due to the error accumulation inherent in CFG. To over-
come these drawbacks while retaining the benefits of CFG, we
introduce a hybrid CFG technique. During AP, the decoder is
always conditioned on both the prompt p and the context em-
bedding c, in contrast to the original Lcpwm training phase where
these conditions are occasionally dropped. At inference, we
refine the vector field of the few-step generator by leveraging
the outputs of the base FM decoder, which uses the checkpoint
prior to AP. Specifically, all terms in Eq. 2 except v¢ (z¢, p, )
are derived from the base model at each time step. This hybrid
CFG strategy offers better prompt and context fidelity than the
few-step generator alone, in a controllable manner.
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3.4. Inference

Fig. 1b outlines the inference pipeline. Given a speech prompt
yp and its corresponding text x,, we aim to synthesize speech
for a target text x; that emulates the characteristics of y,. First,
we encode x,, and obtain its alignment with 2z, using the aligner,
where z,, is extracted from y,, through the VAE encoder. Next,
we process the concatenated sequence (zp, x+) through the text
encoder, and upsample the resulting output to obtain the con-
text embedding c: the initial segment for x, follows the pre-
obtained alignment, while the subsequent segment for x; is up-
sampled according to durations predicted by the duration pre-
dictor. Conditioned on c and the prompt, the FM decoder and
the pitch predictor generate the latent and pitch information, re-
spectively. Here, the prompt is defined as z, for the FM de-
coder and as the first 20 bins of y,, for the pitch predictor. The
initial segments of these outputs—corresponding to the length
of y,—are discarded, and the remaining outputs are converted
into waveform via the VAE decoder.

4. Experiment
4.1. Settings
4.1.1. Datasets and feature preprocessing

For training APTTS, we utilized four datasets—LibriTTS [33]
(train and dev subsets), VCTK [34], Hi-Fi TTS [35], and
Expresso [36] (read subset)—comprising approximately 918
hours of speech from 2507 speakers. For evaluation, we used
the test-clean subset of LibriSpeech [37], selecting samples with
durations between 4 and 10 seconds. All audio samples were
downsampled to 22050 Hz, and transcriptions were converted
to IPA phoneme sequences using open-source software®. We
extracted 80-band mel-spectrograms with a 1024-point FFT, a
hop size of 256, and a window size of 1024. Continuous FO [38]
and voicing flags were extracted using WORLD [39].

4.1.2. Model details

The text encoder comprised 9 transformer layers [23], with
SC-CNN [24] applied to the last three layers. The FM de-
coder consisted of 24 layers with 16 attention heads, and
its embedding/feed-forward network dimensions were set to
1024/2048. For the VAE decoder, upsample rates of [8, 8, 2,
2] were used. The pitch predictor comprised three stacked lay-
ers, each containing a transformer layer and a residual 1D con-
volutional layer with a kernel size of 3. During the AP phase,
a 4-step Euler method with fixed time steps of [0, 0.08, 0.29,
0.62] was employed, emphasizing earlier time steps as inspired
by [6]. We set ), to 3 and a to 2.

The VAE was pre-trained for 1.4M steps on 4 A100 GPUs
with a batch size of 16 and an initial learning rate of 2x 1074,
with other configurations following [20]. Subsequently, all re-
maining modules were trained for 300K steps on 8 A100 GPUs
using a dynamic batch size averaging 17. We used the AdamW
optimizer with 81 = 0.9, B2 = 0.999, and zero weight decay,
along with a linear learning rate scheduler with a peak learning
rate of 1x10~* warmed up over 10K steps. For the AP phase,
training was conducted for 200K steps with the average batch
size reduced to 5 and the peak learning rate to 1x 1075,

4.1.3. Evaluation metrics

Following previous works [3, 5, 6], we evaluated zero-shot TTS
performance using a cross-sentence task in which the model re-
ceived a 3-second speech prompt along with its transcription

2https://github.com/bootphon/phonemizer



Table 1: Zero-shot TTS results comparison with public models.

Model SMOS 1 MOS 1 WER |
Ground Truth - 3.701+0.06 2.66
YourTTS 2.70+0.08  2.4140.08 7.23
HierSpeech++ 3.4340.07 3.4340.08 7.07
F5-TTS (32 steps)  3.60£0.06  3.66+0.08 2.52
APTTS (4 steps) 3.65+0.05 3.584+0.07 2.08
w/o AP (32 steps)  3.56+£0.06  3.76+0.08 242

Table 2: Objective results for zero-shot TTS. * denotes the score
reported in baseline papers.

Model | Data (hours) WER | CER | SIM-o 1 RTF |
YourTTS 0.5K+ 755 283 045 0.054
HierSpeech++ 28K Multi.  4.19 1.33 0.50 0.061
VALL-E 60K 5.9% - - 0.62*
Voicebox (64 steps) 60K 1.9% - 0.66* 0.64*
CLaM-TTS 55K 5.11%  2.87%  0.50% 0.415*
DiTTo-TTS 55K 2.56* 0.89* 0.63* 0.162*
FlashSpeech 45K 2.7% - 0.52%  0.02*
F5-TTS (32 steps) | 100K Multi. 2.61  0.79  0.64 0.217
APTTS (4 steps) 0.9K 173 0.40 0.55 0.052
w/o AP (32 steps) 0.9K 182 044 057 0274

and a target text to generate. For subjective evaluation, mean
opinion score (MOS) assessed the naturalness of the generated
speech on a 1-to-5 scale, while similarity MOS (SMOS) eval-
uated speaker similarity between the generated speech and the
prompt on a 1-to-4 scale. Both metrics were reported with 95%
confidence intervals and evaluated by 20 raters recruited via
Amazon MTurk. For objective evaluation, word and charac-
ter error rates (WER/CER) were measured using a CTC-based
HuBERT-Large® to assess intelligibility, and speaker similar-
ity (SIM-o) was computed following the procedure described
in [5]. Additionally, the real-time factor (RTF) was used to as-
sess inference speed, defined as the average generation time for
1 second of speech on a single A100 GPU.

4.2. Evaluation of Zero-shot TTS

We first compared the performance of APTTS against several
high-performing public models [6, 40, 41] with randomly se-
lected 39 samples from the LibriSpeech test-clean subset, en-
suring no speaker overlap. As shown in Table 1, our 32-step
model without AP achieves superior naturalness and intelligi-
bility—albeit with slightly lower speaker similarity—compared
to F5-TTS, a state-of-the-art FM model with a mel-spectrogram
bottleneck, and outperforms other baselines across all met-
rics. These results underscore the advantages of our latent flow
matching framework over mel-spectrogram-based approaches.
Notably, applying AP reduces the number of inference steps by
8 although this reduction incurs a degradation in naturalness,
it improves both speaker similarity and intelligibility, ultimately
surpassing F5-TTS with far fewer sampling steps. We attribute
this gain in SMOS to our discriminator, which effectively incor-
porates the prompt as a condition.

Next, we compared APTTS with state-of-the-art models
trained on large-scale datasets [3,5, 6, 10,42,43] by evaluating
objective metrics over the entire LibriSpeech test-clean subset
(samples between 4 and 10 seconds). As shown in Table 2, our
model achieves the lowest WER and CER, significantly outper-
forming all baselines in intelligibility, which is a key indicator
of speech robustness. Although the SIM-o score of APTTS is

3https://huggingface.co/facebook/
hubert-large-1s960-ft
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Table 3: Experimental results for VCTK multi-speaker TTS.
MAT-(n) denotes the Matcha-TTS with n sampling steps.

Model WER | MOS 1 RTF |
Ground Truth 4.93 4.17+0.10 -
VITS 13.63 3.90+0.11 0.061
MAT-2 5.38 3.53£0.12 0.027
MAT-10 6.81 3.71£0.12 0.048
MAT-2 + AP 4.80 3.96+0.10  0.027

lower than that of some models, we attribute this discrepancy to
significant differences in dataset scale; indeed, APTTS attains
better subjective similarity than F5-TTS despite its lower SIM-
0, highlighting its stregnth in practical listening conditions. Fur-
thermore, APTTS achieves a synthesis speed of 0.052 RTF,
making it suitable for real-time applications. While only Flash-
Speech exhibits lower latency, APTTS outperforms it in both
intelligibility and speaker similarity. Overall, APTTS offers an
improved trade-off between audio quality and synthesis speed,
with AP reducing inference time by more than 5X relative to
the 32-step model while incurring only minimal performance
differences.

4.3. Evaluation of AP Scalability

To evaluate the scalability of our AP strategy, we applied it to
the multi-speaker variant of Matcha-TTS, a publicly available
FM model that employs a mel-spectrogram bottleneck. Unlike
zero-shot TTS models that rely on speech prompts, Matcha-
TTS conditions on speaker embeddings derived from speaker
IDs. Accordingly, during AP, we conditioned the discrimina-
tor on speaker embeddings rather than time-averaged prompts
and omitted masked loss computation. We employed a 2-step
Euler method with fixed time steps of [0, 0.5]. Specifically, we
started from the official checkpoint* of the VCTK model and
further trained it for 250K steps using the same configurations.

For evaluation, we randomly selected 20 samples from dis-
tinct speakers. As shown in Table 3, VITS—a prominent TTS
model based on normalizing flows—exhibits better naturalness
than the original Mathca-TTS; however, it significantly un-
derperforms in intelligibility. When comparing MAT-10 and
MAT-2, reducing the number of sampling steps from 10 to 2
nearly doubles inference speed, albeit with some loss in nat-
uralness. Notably, after applying AP to MAT-2, the model
achieves the best performance across all metrics, even surpass-
ing MAT-10. We found that the original Matcha-TTS pro-
duces relatively oversmoothed mel-spectrograms, whereas the
AP-applied model preserves finer acoustic details. These re-
sults imply that our AP strategy can be effectively applied to
other FM TTS models—not only for zero-shot TTS, but also
across different representation domains.

5. Conclusion

We proposed APTTS, a latent flow matching TTS system de-
signed for real-time applications. To achieve this, we intro-
duced an adversarial post-training strategy that accelerates in-
ference in flow matching models while preserving performance
via a prompt-conditioned discriminator and hybrid classifier-
free guidance. Experimental results on zero-shot TTS demon-
strated that APTTS attains a state-of-the-art trade-off between
audio quality and synthesis speed, showing remarkable strength
in intelligibility. Furthermore, applying our strategy to Matcha-
TTS confirmed that our approach is both effective and scalable
across diverse TTS tasks and representation domains.

“https://github.com/shivammehta25/Matcha—-TTS
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