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Abstract
Diffusion-based text-to-speech (TTS) have made remarkable
progress in zero-shot speech synthesis, yet optimizing all com-
ponents for perceptual metrics remains challenging. Prior work
with DMOSpeech demonstrated direct metric optimization
for speech generation components, but duration prediction
remained unoptimized. This paper presents DMOSpeech 2,
which extends metric optimization to the duration predictor
through a reinforcement learning approach. The proposed
system implements a novel duration policy framework using
group relative preference optimization (GRPO) with speaker
similarity and word error rate as reward signals. By optimiz-
ing this previously unoptimized component, DMOSpeech 2
creates a more complete metric-optimized synthesis pipeline.
Additionally, this paper introduces teacher-guided sampling,
a hybrid approach leveraging a teacher model for initial de-
noising steps before transitioning to the student model, signifi-
cantly improving output diversity while maintaining efficiency.
Comprehensive evaluations demonstrate superior performance
across all metrics compared to previous systems, while reduc-
ing sampling steps by half without quality degradation. These
advances represent a significant step toward speech synthesis
systems with metric optimization across multiple components.

Audio Demo — https://dmospeech2.github.io

1 Introduction
Text-to-speech (TTS) synthesis has progressed dramatically
in recent years, with state-of-the-art systems producing
speech virtually indistinguishable from human recordings
(Tan et al. 2024; Li et al. 2024a; Ju et al. 2024). Among the
most significant advancements is zero-shot TTS, which is the
ability to synthesize speech in the voice of an unseen speaker,
given only a short audio sample without speaker-specific
training. This capability has transformative potential across
applications ranging from personalized digital assistants to
accessibility tools and creative content production.
Despite impressive quality improvements, zero-shot TTS

still faces a fundamental challenge: the lack of true end-
to-end optimization for perceptual quality metrics. Current
approaches struggle to directly optimize key metrics such as
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speaker similarity and intelligibility in an end-to-end manner,
limiting their performance ceiling, especially for smaller and
more efficient models. Reinforcement learning (RL) offers a
potential indirect optimization approach (Chen et al. 2024a;
Zhang et al. 2024; Gao et al. 2025; Tian et al. 2025; Hussain
et al. 2025) but comes with significant limitations. The ceiling
of RL-based improvement is essentially best-of-N sampling
(Ichihara et al. 2025), making its effectiveness heavily de-
pendent on the original model’s output diversity, therefore
limiting its applicability for smaller, more efficient models
with limited output diversity. Additionally, traditional RL for
TTS imposes substantial computational overhead, as each
training step requires generating complete speech samples,
often through hundreds of sampling steps, making large-scale
training prohibitively expensive.
As the field has evolved, researchers have pursued two

fundamentally different approaches to generating speech. Au-
toregressive models (Wang et al. 2023a; Peng et al. 2024;
Chen et al. 2024c; Wang et al. 2024; Du et al. 2024a, 2025,
2024b; Zhu, Tian, and Xie 2024; Wang et al. 2025; Song et al.
2024; Ye et al. 2025) generate speech step-by-step, similar to
how large language models produce text, naturally determin-
ing the duration of speech during generation but struggling
with direct optimization due to the computational expense
of backpropagating through their long generation sequences.
Meanwhile, diffusion-based systems (Le et al. 2024; Shen
et al. 2023; Li et al. 2024b; Eskimez et al. 2024; Yang et al.
2024; Lee et al. 2024; Chen et al. 2024d) treat speech synthe-
sis as an inpainting task that requires knowing the total speech
duration in advance, creating a division in the pipeline: first
predicting how long the speech should be, then generating
the actual audio content. Without a differentiable pathway
in between, traditional optimization techniques cannot flow
through the entire system. Research has demonstrated that
input durations significantly impact key metrics like speaker
similarity (SIM) and word error rate (WER) (Eskimez et al.
2024), yet existing systems either train duration predictors
separately from speech generation (Le et al. 2024; Lee et al.
2024) or use heuristic approaches based on prompt speaking
rates (Chen et al. 2024d; Eskimez et al. 2024).
The original Direct Metric Optimization Speech frame-

work (Li, Kumar, and Jin 2024) made significant progress by
enabling direct metric optimization for the speech generation
component through diffusion model distillation. By reducing
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Figure 1: Overview of the DMOSpeech 2 framework. (a) Left: The original DMOSpeech architecture, where the duration
predictor (P�) is trained self-supervisedly and separate from the TTS component, creating a disconnection that prevents end-
to-end optimization. (b) Right: Our proposed DMOSpeech 2 framework, which employs Group Relative Policy Optimization
(GRPO) to train the duration predictor with reinforcement learning (Algorithm 1), using speaker similarity and word error rate as
reward signals, enabling optimization of the entire TTS pipeline.

sampling steps from 128 to 4 and establishing direct gradi-
ent pathways within the generation process, DMOSpeech
enabled direct optimization for speaker similarity and intelli-
gibility. However, a critical limitation remained: the duration
predictor component was still outside the optimization loop,
creating a bottleneck in overall system quality.

This paper introduces DMOSpeech 2, which addresses the
duration prediction challenge through reinforcement learning.
We propose modeling the duration predictor as a probabilis-
tic policy and applying reinforcement learning with group
relative policy optimization (GRPO), using speaker similar-
ity and word error rate as reward signals. Importantly, by
applying RL specifically to the duration predictor and oper-
ating on samples generated by our efficient 4-step student
model, we dramatically reduce the computational overhead
typically associated with RL for TTS. This targeted approach
also mitigates the limitations of whole-system RL, as op-
timizing duration prediction is a much more constrained
problem than optimizing speech generation directly. Addi-
tionally, to address the output diversity reduction observed
in the original DMOSpeech as a consequence of distribu-
tion matching distillation (Yin et al. 2024b), we introduce
teacher-guided sampling, a hybrid approach that leverages
the teacher model for initial denoising steps before transi-
tioning to the student model. This strategy restores diversity
to near-teacher levels while still achieving a 2⇥ reduction
in sampling steps and maintaining the significant quality
improvements enabled by our direct metric optimization ap-
proach. Using the flow-matching-based F5-TTS (Chen et al.
2024d) as our teacher model, our comprehensive evaluations
demonstrate that DMOSpeech 2 significantly outperforms
both the previous system and other recent baselines across
all metrics. The reinforcement learning approach to duration
prediction results in particularly notable improvements in

speaker similarity and word error rate, precisely targeting the
limitations identified in previous systems.

The contributions of this work are twofold: 1) we propose a
computationally efficient reinforcement learning framework
specifically for duration prediction in non-parallel TTS sys-
tems, enabling alignment with perceptual metrics without the
overhead typically associated with RL approaches, and 2)
we propose a teacher-guided sampling for diffusion model
distillation, restoring output diversity while maintaining com-
putational efficiency. We will also make the source code and
pre-trained models publicly available for future research.

2 Related Works
Zero-Shot Text-to-Speech Synthesis Zero-shot TTS has
evolved significantly over recent years, with approaches
broadly categorized into two main paradigms. Early meth-
ods relied on speaker embeddings from pre-trained encoders
(Casanova et al. 2022, 2021; Wu et al. 2022; Lee et al. 2022)
or end-to-end speaker encoders (Li et al. 2024a; Min et al.
2021; Li, Han, and Mesgarani 2022; Choi et al. 2022), but
struggled with generalization due to their dependence on
extensive feature engineering and with direct metric opti-
mization due to their non-differentiable components such
as duration predictors. Recent advancements have primar-
ily focused on prompt-based approaches, which can be di-
vided into autoregressive and diffusion-based methods. Au-
toregressive models (Wang et al. 2023a; Peng et al. 2024;
Chen et al. 2024c; Wang et al. 2024; Du et al. 2024a, 2025,
2024b; Zhu, Tian, and Xie 2024; Wang et al. 2025; Song
et al. 2024; Ye et al. 2025) generate speech sequentially
and naturally determine duration during generation, while
diffusion-based approaches (Le et al. 2024; Shen et al. 2023;
Li et al. 2024b; Eskimez et al. 2024; Yang et al. 2024; Lee
et al. 2024; Chen et al. 2024d) require predetermined speech
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duration. Although DMOSpeech (Li, Kumar, and Jin 2024)
made progress by enabling direct optimization for the speech
generation component, it still left the duration predictor out-
side the optimization loop. In DMOSpeech 2, we optimize
the previously unoptimized duration predictor with reinforce-
ment learning for perceptually relevant metrics.
Reinforcement Learning in Speech Synthesis Reinforce-
ment learning (RL) has emerged as a promising approach for
aligning speech synthesis systems with human perceptions,
though its application to TTS presents unique challenges. Re-
cent work has explored various RL techniques for improving
TTS quality. SpeechAlign (Zhang et al. 2024) introduced
an iterative self-improvement strategy for neural codec lan-
guage models that constructs preference datasets and opti-
mizes toward human preferences. Similarly, UNO (Chen et al.
2024a) proposed an uncertainty-aware optimization frame-
work that integrates subjective human evaluation directly into
the TTS training loop without requiring a separate reward
model. Several approaches have focused on specific aspects
of speech quality: Gao et al. (2025) developed Emo-DPO
for controllable emotional speech synthesis, differentiating
subtle emotional nuances through preference optimization,
while Tian et al. (2025) demonstrated that direct preference
optimization (DPO) consistently improves intelligibility and
speaker similarity in LM-based TTS. Koel-TTS (Hussain
et al. 2025) enhanced encoder-decoder TTS models through
preference alignment guided by automatic speech recognition
and speaker verification. For diffusion-based TTS specifically,
Chen et al. (2024b) introduced diffusion model loss-guided
RL policy optimization (DLPO) to improve naturalness and
quality, and Sun et al. (2025) employed group relative policy
optimization for flow-matching-based TTS models. However,
most existing approaches apply RL to the entire TTS pipeline,
incurring substantial computational overhead and facing ef-
fectiveness limitations dependent on the original model’s
output diversity. DMOSpeech 2 addresses these limitations
by specifically targeting RL to the duration predictor com-
ponent, dramatically reducing computational overhead by
operating on samples generated through an efficient 4-step
student model, while simultaneously addressing the critical
optimization gap in current non-parallel zero-shot TTS.

3 Methods
3.1 DMOSpeech with Flow Matching
DMOSpeech (Li, Kumar, and Jin 2024) is a framework for
efficient zero-shot TTS that combines distribution matching
distillation (Yin et al. 2024b) with direct metric optimiza-
tion. DMOSpeech 2 builds upon the original DMOSpeech
framework while adopting F5-TTS (Chen et al. 2024d) as the
teacher model. This section summarizes the key components
of our approach, highlighting the adaptations made for flow
matching-based models. Fig. 1a illustrates the DMOSpeech
architecture with details in Appendix C.

Unlike the original DMOSpeech which operated on latent
representations from an audio autoencoder, DMOSpeech 2
directly generates mel-spectrograms, with waveforms synthe-
sized using the pre-trained Vocos (Siuzdak 2023) vocoder.
The framework consists of three training components. First, a

student generatorG✓ is trained through improved distribution
matching distillation (DMD 2) (Yin et al. 2024a) to match a
pre-trained teacher model in distribution. This allows the stu-
dent to generate high-quality speech with significantly fewer
sampling steps (4 steps). Second, multi-modal adversarial
training with a discriminator improves the perceptual quality
of the generated speech. Finally, the direct metric optimiza-
tion component enables end-to-end optimization of word
error rate and speaker similarity metrics with pre-trained
automatic speech recognition (ASR) models and speaker
verification (SV) models on mel-spectrograms.

During inference, DMOSpeech generates speech directly
from noise in four denoising steps, conditioned on the in-
put text and speaker prompt and the total duration of the
target speech. The process begins with sampling Gaussian
noise z ⇠ N (0, I) at a predefined duration L, which is
determined by a separate duration predictor. The student gen-
erator G✓ then transforms this noise into mel-spectrograms
through four sequential steps using the sway sampling sched-
ule (Chen et al. 2024d) with coefficient u = �1 at noise
levels t 2 {0.0000, 0.0761, 0.2929, 0.6173} rather than uni-
form steps. The final spectrograms are converted to wave-
forms using the vocoder. While DMOSpeech enabled direct
metric optimization for the generator, it still has a critical lim-
itation: the duration predictor remained outside the optimiza-
tion loop. DMOSpeech 2 addresses this limitation through
reinforcement learning, as detailed in the following sections.

3.2 Speech Length Predictor with RL
As established in the previous section, while DMOSpeech
enables direct optimization of the speech generator, a crit-
ical limitation remains: the duration predictor sits outside
the optimization loop, creating a disconnection that prevents
end-to-end optimization. This separation is particularly prob-
lematic because speech duration significantly impacts per-
ceptual metrics like speaker similarity (SIM) and word error
rate (WER) (Eskimez et al. 2024). To address this limitation,
DMOSpeech 2 introduces a novel reinforcement learning
approach specifically targeting the speech length predictor.

Duration Predictor Architecture We adopt an encoder-
decoder transformer architecture similar to DiTTo-TTS (Lee
et al. 2024) for our speech length predictor. Unlike conven-
tional duration models that predict phoneme-level durations,
our model is specifically designed to predict the total remain-
ing length of speech to be generated. Formally, let x represent
the input text sequence and pt represent the speech prompt
up to frame t. Our speech length predictor P� with parame-
ters � models the probability distribution for Lt, the number
of remaining frames needed to complete the utterance:

P (Lt = l|x,pt) = [P�(x,pt)]l (1)
where [·]l denotes the model prediction for l frames re-
mained. This formulation creates an autoregressive structure
where the predicted remaining length decreases as the speech
prompt extends. The architecture consists of a bidirectional
text encoder that processes the input text to capture compre-
hensive contextual information. The decoder, equipped with
causal masking to prevent future lookahead, takes the mel-
spectrogram of the speech prompt as input. Cross-attention
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Figure 2: Illustration of teacher-guided sampling (Algorithm 2). The process begins with noise and uses the teacher model G⇥

for early denoising steps (gray circles) to establish prosodic structure up to a transition point tk⇤ . Then, the student model G✓

(blue circles) takes over for the remaining steps to refine acoustic details in much fewer steps.

mechanisms integrate text features from the encoder, and the
final layer applies softmax activation to predict a distribution
over possible remaining lengths within a predefined maxi-
mum length. Our implementation uses a transformer with 4
encoder layers for text processing and 4 decoder layers with
cross-attention mechanisms. The model employs 8 attention
heads in each layer with a hidden dimension of 512. We set
the maximum total duration to be 30 seconds binned into 300
possible duration classes, with increments of 100 ms. During
training, the ground truth label for the remaining audio length
decreases by one at each subsequent time step. For a batch of
sequences with mel-spectrogram lengths {L1, L2, ..., LB},
where B is the batch size, the target remaining length is a de-
creasing sequence (Li � 1, Li � 2, ..., 1, 0) for each training
example Li. The predictor is initially trained separately from
the flow-matching model using cross-entropy loss between
the predicted distribution and the ground truth remaining
lengths. In DMOSpeech 2, we extend this training process
with reinforcement learning to directly optimize for percep-
tual quality metrics.

GRPO-based Duration Optimization To enable direct
optimization for perceptual metrics, we formulate the speech
length predictor as a stochastic policy in a reinforcement
learning framework and apply group relative policy optimiza-
tion (GRPO) (Shao et al. 2024), which allows us to optimize
the length predictor directly for perceptual metrics without
need of a differentiable pathway to the generator. The detailed
algorithm is provided in Algorithm 1 in Appendix A.
For each input text x and prompt p, we model the policy

for choosing the total speech length (L) with our probabilistic
duration predictitor, ⇡�(L|x,p) := P�(x,p). During train-
ing, we sampleK different durations for each input, where
K is the group size:

Lk ⇠ ⇡�(L|x,p), k = 1, 2, ...,K, (2)

For each sampled duration, we generate speech using our
efficient 4-step student model:

yk = G✓(z,x,p, Lk), z ⇠ N (0, I), (3)

whereG✓ is our student generator and z is the noise. We then
compute rewards for each sample using a combination of
speaker similarity and speech recognition metrics:

rk = logPCTC(x|C(yk)) + �SIM ·
ep · eyk

kepk keykk
, (4)

where C(·) is a pre-trained CTC-based ASR model operating
on mel-spectrograms, ep = S(p) and eyk = S(yk) are the
speaker embeddings of the prompt and student-generated
speech, and �SIM is the weighting factor. We chose �SIM = 3
to balance the contributions from the embedding similarity
and word error rate (see Appendix B.2 for details).
We normalize the reward to compute the advantage:

Ak =
rk � µr

�r
, (5)

where µr and �r are the mean and standard deviation of re-
wards within the group. In GRPO, we maintain three distinct
policies. The current policy ⇡� is the speech length predictor
being actively trained. The old policy ⇡old is the version from
which the current batch of samples was generated. In practice,
this is typically the policy from several optimization steps
ago. The reference policy ⇡ref is a frozen copy of the initially
supervised model created at the beginning of RL training and
kept constant throughout the process to serve as an anchor
for regularization. We define the ratio Rk as :

Rk =
⇡�(Lk|x,p)
⇡old(Lk|x,p)

(6)

The GRPO loss for a single sample is:
Lk = min (Ak ·Rk, Ak · clip (Rk, 1± "))� � · KL (7)

where " = 0.2 is the clipping parameter for the policy update
magnitude, � = 0.04 controls the strength of KL regulariza-
tion, and KL = DKL[⇡�||⇡ref] is the KL divergence between
the current policy and the reference policy, preventing the
trained policy from deviating too far from the initial model.
The full GRPO loss is thus defined as:

LGRPO = �Ex,p

"
1

K

KX

k=1

Lk

#
(8)

We used temperature-based sampling to encourage explo-
ration of diverse length predictions and implemented quality
control that skips batches with insufficient reward diversity
(max(r) � min(r) < 0.01), ensuring that the model only
learns from batches where meaningful distinctions between
good and bad duration predictions can be made.

3.3 Teacher-Guided Sampling
Mode Shrinkage in Distribution Matching Distillation
One key limitation of distribution matching distillation ob-
served in the original DMOSpeech is a phenomenon known
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as mode shrinkage. When student models are trained to gener-
ate speech in significantly fewer steps than their teacher, they
tend to focus on high-probability regions of the data distribu-
tion, reducing diversity of the generated samples. While the
student model exhibits similar mode coverage in sound qual-
ity compared to the teacher as indicated by UTMOS (Saeki
et al. 2022), it demonstrates less diversity in prosodic features
such as intonation patterns, rhythm variations, and speech
cadences (Figure 3). This suggests that diversity reduction
primarily occurs in the temporal and structural dimensions
of speech rather than in its spectral characteristics.

The root cause of this diversity reduction can be traced to
the diffusion process dynamics. In diffusion-based speech
synthesis, different noise levels correspond to distinct aspects
of the speech generation process. At high noise levels (early
denoising steps), the model primarily establishes prosodic el-
ements, phoneme durations, pauses, pitch contours, and text-
speech alignments, essentially the semantic and structural
framework of the utterance. In contrast, at low noise levels
(later denoising steps), the model refines acoustic details such
as voice quality, speaker identity, and spectral characteristics.
When the student model is constrained to generate speech in
just a few steps, it necessarily compresses this hierarchical
generation process. Our empirical observations suggest that
this compression disproportionately affects the diversity of
prosodic and structural elements in the early denoising phase.

Hybrid Sampling Strategy To address the mode shrink-
age problem, we introduce teacher-guided sampling, a hy-
brid approach that leverages the teacher model’s diversity
while preserving the student model’s efficiency and improved
speaker similarity from direct metric optimization. The core
insight of our approach is to exploit the natural division in the
diffusion process: use the teacher model for early denoising
steps on prosodic structure and the student model for acoustic
refinement of later steps. Specifically, we employ the teacher
model to perform the initial denoising steps up to a predefined
noise level tswitch, which establihes diverse prosodic patterns
and text-speech duration alignments. Then, we switch to the
student model, which completes the remaining denoising pro-
cess from tswitch to 1 in just a few efficient steps. This hybrid
approach preserves the diversity benefits of the teacher model
while still achieving significant computational savings.

Figure 2 and Algorithm 2 in Appendix A outline our
teacher-guided sampling procedure. The process begins with
random Gaussian noise z and progressively denoises it
through a sequence of steps. The first K steps are performed
by the teacher model using a flow matching formulation with
the sway sampling schedule (Chen et al. 2024d), which al-
locates more samples to early time steps where most of the
semantic structure is established. Once the noise level reaches
tswitch, the algorithm transitions to the student model, which
completes the remaining denoising in just M steps (typically
2-3). A key advantage of our approach is that it achieves a
more favorable trade-off between computational efficiency
and output diversity. By delegating the labor-intensive task
of establishing prosodic structure to the teacher model and
the refinement of acoustic details to the student model, we
leverage the strengths of both approaches. The teacher model

is employed for fewer steps than its typical full inference
(approximately 6-14 steps instead of 32), while the student
model still performs only a small number of denoising steps
(2-3 instead of 4). Our empirical evaluation (Table 1) con-
firms that teacher-guided sampling successfully mitigates
the mode shrinkage problem, restoring the diversity of the
generated speech to levels comparable to the teacher model,
particularly in terms of pitch variation and cadence diver-
sity. Notably, this improvement comes with only a modest
increase in computational cost compared to the pure student
model but still 1.8⇥ faster than the full teacher model. Ad-
ditionally, similar to the student model, our hybrid approach
produces samples with better SIM and WER than the teacher-
only samples, benefiting from the direct metric optimization
of the DMOSpeech framework. The parameters K, tswitch,
and M offer flexible control over the trade-off between com-
putational efficiency and output diversity. For applications
where diversity is critical, such as creative content production,
a higher tswitch value (around 0.4-0.5) can be used, allocating
more steps to the teacher model. Conversely, for applications
where efficiency is paramount, such as real-time systems, a
lower tswitch value (around 0.1-0.2) can be employed with
minimal degradation in perceptual quality.

4 Experiments
4.1 Experimental Setup
Datasets Following F5-TTS (Chen et al. 2024d), we uti-
lize the in-the-wild multilingual speech dataset Emilia (He
et al. 2024) to train our models. After filtering out transcrip-
tion failures and misclassified language speech, we retain
approximately 95k hours of English and Chinese data. For
evaluation, we adopt three test sets: Seed-TTS (Anastassiou
et al. 2024) test-en with 1088 samples from CommonVoice
(Ardila et al. 2019), and Seed-TTS test-zh with 2020 samples
from DiDiSpeech(Guo et al. 2021).
Training For our teacher model, we adopt F5-TTS (Chen
et al. 2024d) with approximately 300M parameters, trained
for 2M steps on the Emilia dataset. We maintain the same
hyperparameter configuration as in the original F5-TTS, with
a batch size of 307,200 audio frames (0.91 hours), using the
AdamW optimizer (Loshchilov and Hutter 2018) with a peak
learning rate of 7.5e-5, linear warmup for 20K updates, and
linear decay afterwards. For the student model training in
DMOSpeech 2, we follow the approach in Li, Kumar, and
Jin (2024) but use half the batch size of the teacher model
training. The learning rate for the student model resumes
from the final learning rate of the teacher model training
(around 6e-5) and continues for an additional 200K steps on
the Emilia dataset. The duration predictor is initially trained
on the Emilia dataset for 85K steps with a learning rate of 1e-
4 and the same batch size as the F5-TTS teacher training. We
use the AdamW optimizer with default parameters of Pytorch.
After this initial training, we further fine-tune the duration
predictor using GRPO (Sun et al. 2025) for an additional
1.5K steps with a group size of 16. All experiments were
conducted on 8 NVIDIA H100 GPUs.
Baselines We compare several configurations of our mod-
els with both subjective and objective evaluations: (1) The

31818



Model
Seed-TTS-en Seed-TTS-zh English Chinese

CVf0 " RTF#
WER# SIM" CER# SIM" CMOS-N CMOS-S CMOS-N CMOS-S

Ground Truth 2.143 0.734 1.254 0.755 0.03 �0.13⇤ 0.02 �0.06 — —

F5-TTS Teacher (32 steps) 1.947 0.662 1.695 0.750 �0.12⇤ �0.04 �0.09 �0.11⇤ 0.6659 0.1671
DMOSpeech 2 (4 steps) 1.752 0.698 1.527 0.760 0.0 0.0 0.0 0.0 0.4640 0.0316

w/o duration predictor RL 3.750 0.672 2.000 0.750 �0.43⇤⇤ �0.48⇤⇤ �0.26⇤ �0.31⇤ S/A S/A
Teacher-Guided (16 steps) 1.738 0.699 1.468 0.760 0.01 �0.03 0.45⇤⇤ 0.3⇤ 0.5932 0.0941

Table 1: Objective and subjective evaluation results on Seed-TTS-en and Seed-TTS-zh evaluation sets. CMOS-S and CMOS-N
refer to CMOS for similarity and naturalness, respectively, with DMOSpeech 2 (our system with 4 sampling steps) as the anchor
(negative means DMOSpeech 2 is better). The best values for objective evaluations are shown in bold and the second-best values
are underlined where S/A stands for the same as above. For subjective evaluations, the statistically significant results are marked
by one asterisk if p < 0.05 and two asterisks if p < 0.01. CVf0 is computed with the DDPM sampler for fairness.

ground truth recordings, (2) F5-TTS teacher without a dura-
tion predictor using 32 sampling steps, (3) DMOSpeech 2
with the RL-optimized duration predictor using 4 sampling
steps, (4) student with the duration predictor before RL using
4 sampling steps, and (5) a teacher-guided sampling approach
where the teacher model handles initial denoising steps be-
fore transitioning to the student model (tswitch = 0.25, with
teacher handling 14 steps and student handling 2 steps, for
a total of 16 steps). We use the pretrained Vocos vocoder
(Siuzdak 2023) to convert generated mel-spectrograms to
audio signals. We also compare our DMOSpeech 2 with
several state-of-the-art TTS systems on objecetive metrics:
CosyVoice 2 (Du et al. 2024b), Spark-TTS (Wang et al. 2025),
LLaSA-8B (Ye et al. 2025), MaskGCT (Wang et al. 2024),
and our F5-TTS teacher model (32 steps) (Chen et al. 2024d).
All samples were resampled to 24 kHz for a fair comparison.

4.2 Evaluation Metrics
We evaluate models on the cross-sentence task (Le et al.
2024), where the model synthesizes speech with a prompt
speaker’s voice characteristics. For objective evaluation, we
report: word error rate (WER) using Whisper-large-v3 (Rad-
ford et al. 2023) for English and Paraformer-zh (Gao et al.
2023) for Chinese (Anastassiou et al. 2024); SIM-o using
WavLM-large-based (Chen et al. 2022) speaker verification
to calculate cosine similarity between synthesized and ground
truth speeches; RTF (real-time factor) on a single H100 GPU;
and coefficient of variation of pitch (CVf0 ) from 50 samples
per text-prompt pair across 20 pairs to measure diversity. For
the teacher, we used DDPM (Ho, Jain, and Abbeel 2020)
modified for flow-matching (Gao et al. 2024) to ensure fair
comparison with students having additional noise injections
(Algorithm 3). For subjective evaluation, we conduct CMOS
tests for naturalness and similarity. Evaluators compare ran-
domly ordered synthesized speech from test models against
our anchor (DMOSpeech 2 with RL-optimized duration pre-
dictor, 4 sampling steps), rating which sounds more human-
like and similar to the prompt (1). We report averages from
320 samples in both languages (details in Appendix D).

4.3 Results
Main Results Table 1 demonstrates DMOSpeech 2 with
RL-optimized duration predictor significantly outperforms

both teacher and student without optimization. For English:
WER improves to 1.752 (vs. 1.947 F5-TTS, 3.750 DMO-
Speech w/o RL) and SIM reaches 0.698 (vs. 0.662 for F5-
TTS and 0.672 for DMOSpeech w/o RL). For Chinese,
CER achieves 1.527 and SIM 0.760 (vs. 1.695/0.750 for
F5-TTS and 2.000/0.750for DMOSpeech w/o RL). DMO-
Speech 2 maintains an RTF of 0.0316, 5⇥ faster than the
teacher’s 0.1671. Teacher-guided sampling achieves WER of
1.738 and CER of 1.468 with silghtly increased computation.
CMOS evaluation further confirms our approach’s effective-
ness. DMOSpeech 2 significantly outperforms DMOSpeech
without RL optimization across both languages. For English,
we observe strong improvements in naturalness (CMOS-
N= �0.43) and similarity (CMOS-S= �0.48), both highly
significant at p < 0.01. Chinese shows similar trends with
naturalness at �0.26 and similarity at �0.31, significant at
p < 0.05. When compared to F5-TTS, DMOSpeech 2 also
demonstrates advantages, achieving significantly better En-
glish naturalness (CMOS-N= �0.12) and Chinese similarity
(CMOS-S = �0.11), both at p < 0.05. The teacher-guided
sampling variant particularly excels for Chinese, achieving
remarkable scores of +0.45 for naturalness (p < 0.01) and
+0.3 for similarity (p < 0.05). Most impressively, DMO-
Speech 2 produces speech that is statistically indistinguish-
able from ground truth recordings in terms of naturalness
for both English and Chinese. For English similarity, it even
slightly surpasses ground truth with a CMOS-S score of
�0.13(p < 0.05), demonstrating the effectiveness of our
approach in producing human-quality speech.

Comparison with State-of-the-Art Models Table 2 shows
DMOSpeech 2 outperforms previous state-of-the-art models.
Student-only DMOSpeech 2 achieves English WER of 1.752
and Chinese CER of 1.527, surpassing all similar-sized mod-
els, including teacher F5-TTS (WER= 1.947, CER= 1.695)
while being 5.3⇥ faster. Teacher-guided variant improves
WER to 1.738 and CER to 1.468, maintaining 1.8⇥ speed
advantage, although with doubled parameters (0.6B vs 0.3B)
due to the need to store the teacher’s parameters. Speaker sim-
ilarity scores (0.698 to 0.699 English, 0.760 Chinese) exceed
most baselines except MaskGCT, which trades superior simi-
larity for worse intelligibility and 75⇥ slower inference with
an RTF of 2.397. DMOSpeech 2 with only 0.3B parameters
outperforms LLaSA-8B across all metrics, demonstrating
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Model #Params Dataset (# Hours)
Seed-TTS-en Seed-TTS-zh

RTF#
WER# SIM" CER# SIM"

Ground Truth – – 2.143 0.734 1.254 0.755 –

F5-TTS (32 steps) (Chen et al. 2024d) 0.3B Emilia (He et al. 2024) (95k hrs) 1.947 0.662 1.695 0.750 0.167
CosyVoice 2 (Du et al. 2024b) 0.5B Proprietary (200k hrs) 3.358 0.641 1.582 0.754 0.527
Spark-TTS (Wang et al. 2025) 0.5B VoxBox (Wang et al. 2025) (100k hrs) 2.308 0.572 1.717 0.657 1.784
MaskGCT (Wang et al. 2024) 0.7B Emilia (He et al. 2024) (95k hrs) 2.622 0.713 2.395 0.772 2.397
LLaSA-8B (Ye et al. 2025) 8B Proprietary (200k hrs) 3.994 0.594 4.214 0.671 1.374

DMOSpeech 2 (Student-Only, 4 steps) 0.3B Emilia (He et al. 2024) (95k hrs) 1.752 0.698 1.527 0.760 0.032
DMOSpeech 2 (Teacher-Guided, 16 steps) 0.6B Emilia (He et al. 2024) (95k hrs) 1.738 0.699 1.468 0.760 0.094

Table 2: Comparison with state-of-the-art models on Seed-TTS-en and Seed-TTS-zh evaluation sets. The best values in each
column are shown in bold and the second-best values are underlined. All samples from baseline models were synthesized using
the official checkpoints released by the authors.

Figure 3: Comparison of diversity across sampling methods.
(a) F0 value distributions (shown as histograms and kernel
density estimates). The student model (light blue) exhibits a
much narrower distribution compared to the teacher model
(yellow), indicating mode shrinkage in prosodic patterns. The
teacher-guided approach (orange) successfully recovers much
of this diversity. (b) Mean-centered UTMOS score distribu-
tions. Acoustic quality remains consistent across all models
despite differences in prosodic diversity, supporting our hy-
pothesis that diversity reduction primarily affects prosodic
and temporal aspects rather than acoustics.

targeted optimization’s superiority over pure scaling. With
an RTF of 0.032, DMOSpeech 2 is 5.2⇥ faster than F5-TTS,
16.5⇥ faster than CosyVoice 2, 55.8⇥ faster than Spark-TTS,
and 42.9⇥ faster than LLaSA-8B.

Effect of Teacher-Guided Sampling on Diversity As
shown in Table 1, teacher-guided sampling successfully ad-
dresses diversity limitations in our distilled student model.
The coefficient of variation of pitch (CVf0) reveals the
teacher model’s superior diversity (0.6659) compared to the
student model’s reduced variation (0.4640, a 30.3% decrease),
indicating the student model suffers from mode shrinkage.
Our teacher-guided approach recovers much of this diversity
(0.5932, 89.1% of teacher’s diversity) while maintaining su-
perior WER and speaker similarity from the student model
with direct metric optimization. Figure 3a illustrates this ef-
fect through F0 distributions. The student model shows a
narrower, more peaked distribution than the teacher model,
demonstrating mode shrinkage from aggressive step reduc-

tion. The teacher-guided approach successfully broadens this
distribution. In Figure 3b, we plot the mean-centered UT-
MOS score distributions since different models demonstrate
significant differences in their mean UTMOS scores. Despite
this, the mean-centered distributions after remain consistent
across all models, indicating diversity reduction occurs pri-
marily in prosodic aspects rather than spectral characteristics.
This hybrid approach achieves a favorable trade-off between
efficiency (RTF = 0.0941) and output diversity by leveraging
the teacher model for establishing prosodic structure and the
student model for efficient acoustic refinement.

5 Conclusion
This paper introduces DMOSpeech 2, which addresses two
critical limitations in end-to-end diffusion-based TTS sys-
tems: optimizing the duration predictor for perceptual met-
rics and mitigating diversity reduction in distilled models.
Through GRPO-based reinforcement learning, we directly op-
timize the duration predictor for speaker similarity and intel-
ligibility, while teacher-guided sampling restores prosodic di-
versity. DMOSpeech 2 significantly outperforms state-of-the-
art models across all metrics while maintaining exceptional
computational efficiency. Optimizing the previously isolated
duration predictor marks significant progress in pipeline-level
metric optimization for TTS. Future work could apply our
targeted RL approach to other difficult-to-optimize genera-
tive pipeline components, such as the teacher model in hybrid
sampling, and explore additional rewards beyond WER and
SIM for better human perception alignment.

DMOSpeech 2 presents important societal considerations.
While offering significant benefits for accessibility, person-
alized assistants, and content creation through improved
speaker similarity and intelligibility, it also poses risks for
voice spoofing and deepfakes. Our approach’s computational
efficiency democratizes access, amplifying both benefits and
risks. Addressing these concerns requires developing robust
synthetic speech detection methods and establishing appro-
priate governance frameworks. We will release our source
code and pre-trained models publicly, believing open-source
development will accelerate progress in addressing both tech-
nical challenges and ethical considerations associated with
advanced TTS systems.
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