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Abstract

Recent advancements in Text-to-Speech (TTS) technology
have been remarkable, enabling current models to clone ar-
bitrary unseen speakers and synthesize high-quality, natural-
sounding speech. However, corresponding evaluation tech-
niques appear to be lagging: Existing Mean Opinion Score
(MOS) estimation models typically perform regression-based
scoring on entire speech segments—while a failed synthesized
speech usually contains problematic elements in only a few
isolated words rather than throughout the entire utterance.
In this context, we presents an intriguing finding: encoder-
decoder ASR models, such as Whisper, leverage their exten-
sive pre-training to precisely capture word-level mismatches
between speech and text within their cross-attention mecha-
nisms, thereby providing a fine-grained reward signal. Build-
ing upon this insight, we propose a novel TTS optimization
method, which we term Word-level TTS Alignment by ASR-
driven Attentive Reward (W3AR). Instead of relying on any
explicit reward annotations, W3AR leverages the attention in-
formation within a pre-trained ASR model, enabling finer-
grained alignment and optimization of the sequences pre-
dicted by the TTS model. Experimental results demonstrate
that W3AR not only effectively improves the TTS genera-
tion quality of existing models but also further enhances zero-
shot robustness based on both in-domain and out-of-domain
prompt speakers. Additionally, our findings and proposed
methodology offer a new insight for generative tasks: under-
standing models can potentially serve as evaluators, provid-
ing highly fine-grained and valuable feedback for generation.

Introduction

The current wave of Artificial Intelligence-Generated Con-
tent (AIGC) has profoundly impacted various domains,
with Text-to-Speech (TTS) technology standing out as a
pivotal component (Cao et al. 2025). However, generat-
ing high-fidelity, high-sampling-rate signals such as human
speech presents unique and substantial challenges (Qian
et al. 2014). In recent years, remarkable progress has been
achieved, largely attributable to advancements in speech
tokenization techniques and the availability of speech-text
paired datasets (Wang et al. 2023). Existing TTS models
now exhibit impressive zero-shot capabilities, notably the
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ability to perform voice cloning, synthesizing high-quality
speech content in the voice of any unseen speaker (Chen
et al. 2024b; Wang et al. 2024).

The recent breakthroughs in TTS can largely be attributed
to two primary technical paradigms: diffusion-based mod-
els (Popov et al. 2021) and autoregressive models (Wang
et al. 2023). Despite of both remarkable performance, this
paper primarily focuses on the latter due to its inherent ad-
vantages. Autoregressive models generate speech sequences
by sequentially predicting tokens, allowing for dynamic de-
termination of output length and generally supporting faster,
streaming inference (Du et al. 2024b). Furthermore, the dis-
crete tokens generated by these models can be subsequently
refined with richer acoustic details, often through techniques
like flow matching (Du et al. 2024a). However, despite their
strengths, autoregressive TTS systems are prone to certain
generation artifacts. Specifically, synthesized speech seg-
ments can sometimes suffer from misspoken words, word
repetitions, or acoustic distortions (Xin et al. 2024). These
issues often stem from the cumulative error propagation in-
herent in sequential generation, where errors in early to-
ken predictions can cascade and amplify through the se-
quence, leading to noticeable imperfections in the final ut-
terance (Neekhara et al. 2024).

Some existing efforts have explored RL as a potential av-
enue for posterior optimization in TTS, demonstrating its
promise in refining generated speech (Zhang et al. 2024).
However, the most primary challenge in this paradigm lies in
obtaining a suitable reward signal. Standard TTS evaluation
metrics, such as Mean Opinion Score (MOS) estimation,
provide a holistic judgment for an entire utterance, lacking
the fine-grained granularity required for effective RL. For
instance, if only a short segment (e.g., 1 or 2 words) of an
otherwise high-quality speech sequence contains an artifact,
penalizing the entire sequence’s probability will inevitably
diminish optimization efficiency (Yao et al. 2025). Conse-
quently, our research addresses the critical question of how
to precisely locate these problematic segments to provide
more effective and targeted optimization.

Considering that ASR models are inherently designed to
learn the “alignment” between two disparate modalities, i.e.,
speech and text, of varying lengths, we posit a direct hy-
pothesis: can this alignment serve as a word-level evaluation
metric to reflect the quality of synthesized spoken words?



Prior research has already demonstrated the rich informa-
tion embedded within the attention matrices of large pre-
trained models (Ben-Artzy and Schwartz 2024; Hu et al.
2024b). Building on this, we propose a novel metric based
on the cross-attention mechanism within ASR models to as-
sess the word-level alignment between generated speech and
the given text from an ASR perspective. It is crucial to note
that such a metric offers more comprehensive information
than a simple Word Error Rate (WER). Even for ambigu-
ously generated speech segments, an ASR model can often
provide a robust interpretation by leveraging contextual in-
formation, which a simple WER might misclassify as an er-
Ior.

To this end, we introduce W3AR, a novel framework for
Word-level, Whisper-guided Audio Refinement using Ad-
versarial Rewards. Our approach operationalizes the ASR
alignment hypothesis by defining two fine-grained quality
metrics. The first, Attention Purity, evaluates the articulatory
clarity of individual words by assessing whether the ASR
model’s attention is sharply focused on a compact audio seg-
ment or diffusely scattered, indicating ambiguity. The sec-
ond, Alignment Monotonicity, assesses the prosodic fluency
of the utterance by ensuring the ASR’s attention focus pro-
gresses smoothly forward in time, penalizing unnatural stalls
or regressions that correspond to stutters or awkward pauses.
These metrics are combined into a word-level reward signal
that guides the optimization of the TTS model within a sta-
ble, group-relative policy optimization framework, directly
targeting and correcting specific generation artifacts.

Our extensive experiments demonstrate the effectiveness
and generality of W3AR. When applied to the state-of-
the-art CoSyVoice (Du et al. 2024b) model, our method
yields significant reductions in Word Error Rate and no-
table increases in both objective speaker similarity and sub-
jective Mean Opinion Scores for naturalness. Crucially, we
show that these improvements hold not only for speakers
within the training distribution but also for challenging out-
of-domain speakers, confirming the robustness of our ap-
proach. Furthermore, we validate the model-agnostic nature
of W3AR by successfully applying it to other diverse TTS
architectures, including VoiceCraft and MaskGCT (Wang
et al. 2024), achieving consistent performance gains. Abla-
tion studies confirm that both the purity and monotonicity
components are essential for achieving optimal results.

In summary, our main contributions are threefold: (1) We
propose a novel, fine-grained reward function for TTS based
on analyzing the purity and monotonicity of cross-attention
maps from a pre-trained ASR model. (2) We design an ef-
fective and stable policy optimization framework, W3AR,
that leverages this reward to directly correct word-level de-
fects in synthesized speech. (3) We provide a comprehensive
empirical validation of our method’s effectiveness and gen-
erality, demonstrating significant improvements across mul-
tiple state-of-the-art TTS models and on both in-domain and
out-of-domain datasets.
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Related Work
Zero-shot TTS

Recent advancements in large-scale generative modeling
have catalyzed a significant paradigm shift within the field
of text-to-speech (TTS). A prevailing trend involves refor-
mulating speech synthesis as a next-token prediction prob-
lem (Wang et al. 2023), mirroring the successes observed
with LLMs in the text domain (Peng et al. 2024). This
approach fundamentally relies on the use of a neural au-
dio codec to discretize continuous speech waveforms into
a sequence of discrete tokens (Zeghidour et al. 2021; Wu
et al. 2023a). A powerful decoder-only language model is
then conditioned on phonetic or textual inputs to autore-
gressively predict this stream of acoustic tokens (Du et al.
2025). Pioneering work in this area, notably VALL-E (Wang
et al. 2023), first demonstrated the profound potential of
this methodology. This generative framework has proven
to be exceptionally scalable, demonstrating that increasing
model and dataset size yields substantial gains in output
quality (Anastassiou et al. 2024), robustness (Wang et al.
2025), and the ability to capture nuanced prosodic details
for any target voice without explicit fine-tuning.

Alignment in TTS

The alignment of generative models with human preferences
has become a cornerstone of contemporary Al research, with
Reinforcement Learning from Human Feedback (RLHF)
emerging as an instrumental technology (Zheng et al. 2023).
This paradigm was first prominently established in Natural
Language Processing (NLP) (Kaufmann et al. 2024), where
preference optimization conventionally involves maximiz-
ing a reward signal produced by a separately trained reward
model (Lee et al. 2023; Wu et al. 2023b).

In contrast to its maturity in NLP, the application of RLHF
to TTS is a more nascent yet rapidly advancing frontier. Ini-
tial explorations like SpeechAlign (Zhang et al. 2024) first
adapted preference alignment to TTS using paired compar-
ison data. Subsequent research has broadened this scope;
for instance, UNO (Chen et al. 2024a) and RIO (Hu et al.
2024a) were developed to handle more complex, unpaired
preference datasets by accounting for annotation uncertain-
ties and employing Bayesian-inspired data selection strate-
gies, respectively. While empirical studies and applications
like Seed-TTS (Anastassiou et al. 2024) have validated the
efficacy of RLHF for enhancing the quality of LM-based
TTS during post-training, a significant limitation persists.
The predominant focus of current methodologies remains on
coarse, utterance-level preference optimization (Tian et al.
2025), largely overlooking the substantial potential that lies
in achieving more fine-grained acoustic alignment.

Method
Foundation: Zero-shot Autoregressive TTS

We build upon a modern zero-shot TTS framework that typ-
ically leverages autoregressive language model to generate
speech from discrete acoustic representations. This approach
enables voice cloning from a short, unseen audio prompt
without requiring speaker-specific fine-tuning.
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Figure 1: An overview of our proposed W3AR framework. The left panel illustrates the core process: speech synthesized by a
TTS model is fed into the ASR encoder, while the ground-truth text guides the ASR decoder. The cross-attention mechanism
acts as a bridge, where the ASR decoder uses each text token as a query to probe the acoustic representations from the encoder.
The right panel visually defines the failure modes captured by our two metrics: (Top) Low Purity, where attention for a single
token is diffuse and scattered across many audio frames, indicating unclear articulation. (Bottom) Poor Monotonicity, where
the attention peak stalls or regresses, indicating unnatural prosody or rhythm.

Discrete Speech Representation. We utilize a pre-trained
neural audio codec, denoted by C, to transform a continu-
ous audio waveform x € R’ into a sequence of discrete
acoustic tokens a = (ay,...,ar, ). The codec’s quantizer
employs K hierarchical codebooks, so each token a; is a
stack of K integer indices: a; = (a},...,al), where af is
an index from the k-th codebook. The codec’s parameters
are frozen throughout our experiments.
Model Training. The model My is trained to predict the
acoustic token sequence a conditioned on the corresponding
input text sequence y = (y1, . .. ,yTy). For a given training
pair (y, a) from a large, multi-speaker dataset D, the model
is optimized to maximize the likelihood of the acoustic se-
quence via a standard cross-entropy loss:
Ta
Licain = _E(y,a)~D ZIng(at | A<ty Y5 9)
t=1
The prediction of the token stack a; is factorized in a coarse-
to-fine manner, predicting the primary token a; first, fol-
lowed by the remaining detail tokens:

K
plai | ) =pla; | ) [] plaf | af,-)
k=2

This process can be implemented using different
heads (Peng et al. 2024) or predicted in a non-autoregressive
manner (Chen et al. 2024b). Moreover, flow-matching en-
ables high-quality mel-spectrogram prediction from a single
codebook layer (Du et al. 2024a).

Zero-Shot Voice Cloning via In-Context Learning. To
enable zero-shot capabilities, we frame the task as speech
continuation. During training, we define an acoustic prompt
Aprompt = (ag,... ,an), which is a short prefix (e.g., 3 sec-
onds) of the full acoustic sequence a. The model is then
trained to predict the remainder of the sequence, agrger =
(ar,41,...,ar,), conditioned on both the text y and the
prompt ayompt. The objective implicitly teaches the model
to infer the vocal characteristics from the prompt and main-
tain them throughout the subsequent generation. During in-
ference, we provide the model with a prompt a,ompe from
any unseen target speaker and a new text y. The model au-
toregressively generates the acoustic sequence age, by sam-
pling from the learned distribution p(- | aprompt, ¥;0). The
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self-attention mechanism of the Transformer enables the
model to attend to the acoustic properties embedded in the
prompt, thus achieving zero-shot voice cloning even without
speaker-specific fine-tuning.

ASR-driven Reward Modeling

To quantitatively assess the quality of the synthesized
speech, we employ a pre-trained, frozen encoder-decoder
ASR model, Msg, architecturally similar to Whisper (Rad-
ford et al. 2023). This model serves as an objective evalua-
tor, providing a fine-grained reward signal derived from its
internal cross-attention mechanism.

The ASR model’s audio encoder, Easg, maps a log-Mel
spectrogram of the input audio into a sequence of hidden
representations H € R7»*P, During the transcription pro-
cess, the ASR’s text decoder, Dasr, predicts a sequence
of text tokens. For each predicted text token y;, a cross-
attention mechanism computes an attention weight distri-
bution, o¢; € RT", over the audio representations H. This
distribution is calculated as:

qK )
Vi,

where q; is the decoder’s query vector for token y;, and K
are the key vectors derived from H. The weight vector o,
indicates which audio frames the model considers most rel-
evant for transcribing token y;. By feeding our synthesized
audio to Magsg and using the ground-truth text for teacher-
forcing, we extract the full attention map A € RTv*Th,
where each row o; = A, .. This map provides the basis
for our quality metrics.

T

o = softmax (

Attention Purity. A clearly articulated word should cor-
respond to a compact and acoustically focused segment of
the audio. A high-quality synthesis should therefore elicit a
sharp, unimodal attention distribution from the ASR model,
whereas poorly formed speech would result in a diffuse or
scattered attention.

We define Attention Purity as the amount of attention
mass concentrated around the attention peak. First, we iden-
tify the audio frame with the maximum attention for text
token y;: j; = argmax; A, ;. The purity reward, Rpurity, 1S



the sum of attention weights within a small window of width
W centered at j;:

Ji+W/2

> Ay

J=iy —wW/2

Rpurity (yt ) =

Here, W is a hyperparameter representing a short duration.
It is noted that this window is not intended to encompass the
duration of an entire word, but rather to measure the “’sharp-
ness” of the attention distribution around its highest peak.

Alignment Monotonicity. For fluent speech, the temporal
alignment between the spoken words and the audio signal
must be strictly monotonic. The focus of attention should
consistently progress forward in time. A backward or stalled
movement of the attention peak is a strong indicator of a syn-
thesis artifact, such as a stutter, unnatural pause, or prosodic
break, which confuses the ASR model’s alignment process.
We measure the forward progression of the attention peak
location j; relative to the previous token’s peak j;° ;. The
alignment monotonicity reward, Rumono, 1S defined as:

Rmono(yt) = tanh (6(]: - J;Sk—l))
where § is a scaling hyperparameter. The tanh function
bounds the reward, rewarding forward progression (j; >
J+_1) and penalizing regressions or stalls. For the first token
(t = 1), the score is set to a neutral value of 0.

Combined Word-Level Reward. To provide a holistic
quality score for each synthesized word, we combine our
two metrics into a single word-level reward, R(y:). This
reward captures both local articulatory clarity (purity) and
global prosodic fluency (monotonicity). The final reward is
a weighted sum:

R(yt) = Apurilprurity(yt) + )\monoRmono(yt)
where Apurity and Apono are scalar weights that balance the
contribution of each component. This reward signal is then
used to optimize our TTS model Mg within a reinforce-
ment learning framework.

Policy Optimization

We refine the baseline TTS model My by treating it as
a policy in a reinforcement learning framework. The opti-
mization process uses the word-level reward signal from the
ASR model to directly guide the policy towards generating
higher-quality speech. Our approach is inspired by group-
based optimization methods, which have proven effective in
generation tasks.

Group-Based Sampling and Evaluation. The core of the
method involves comparing a group of candidate samples
generated from the same input. For a given text y and acous-
tic prompt aprompi, We use the current TTS policy, (- |
¥, 8prompt), t0 generate a group of N distinct acoustic se-
quences, {a() a® ... al™}, by employing nucleus or
temperature-controlled sampling.

Each sample a(™ in the group is then evaluated by the
ASR model Mg to obtain a sequence of word-level re-

wards, R™ = (R(y{™), ... ,R(y(TZ))), as defined in the
previous section.

Algorithm 1: ASR-Guided Group Relative Policy Optimiza-
tion for TTS

1: Initialize: TTS policy My, pre-trained ASR model
M asr, group size N, RL weight ~.
2: for each training iteration do
3:  Sample a mini-batch of (y, apromp) from the training
dataset D.
4:  // Supervised pre-training step

5:  Compute supervised 10ss Ly, using the ground-truth
acoustic tokens.
6:  //RL fine-tuning step
7: for each (y, aprompt) in the mini-batch do
8: // 1. Sampling
9: Generate a group of N samples {a(®), ... a(M}
using the current policy 7g.
10: // 2. Reward Calculation
11: forn =1to N do
12 Synthesize waveform x(™) = Deogec(a™).
13: Compute word-level rewards R =
(R(y1)™,...) using Masg (x™), y).
14: end for
15: // 3. Advantage Calculation
16: Compute word-level advantages { A(y;)™} for all

samples by de-meaning rewards within the group.

17:  end for

18: /4. Loss Calculation and Policy Update

19:  Compute the RL loss Ly using the calculated advan-
tages.

20:  Compute the total 108S Lol = Ligain + YLRL-

21:  Update TTS model parameters 6 by descending the
gradient: 6 < 0 — nVg Lol

22: end for

Word-Level Advantage Function. Instead of using the
absolute reward values, which can have high variance, we
define a fine-grained advantage function that normalizes re-
wards within the generated group. The advantage of the pro-
nunciation of a word y; in sample n is calculated as its re-
ward relative to the average reward for that same word across
all NV samples. This effectively uses the group’s average per-
formance as a dynamic baseline.

N
n n 1
A") =Ry") - 5 DR
k=1

A positive advantage A(yl(n)) indicates that the word’s
rendering in sample n is superior to the group’s average,
while a negative value indicates it is inferior. This fine-
grained, word-level advantage signal is crucial for targeted
policy updates.

Optimization Objective. Our goal is to update the pol-
icy g to increase the likelihood of acoustic sequences that
correspond to positive advantages. We formulate a policy
gradient-style objective function, where the word-level ad-
vantage modulates the learning signal for each correspond-
ing acoustic token. Let w(¢) be a function that maps an



acoustic token index ¢ to its corresponding word index i.
The RL loss is defined as:

N T™

EY S AW logmo(af™ |a

n=1 t=1

Lrr (<n;s) Y

Aprompt )

Intuition: This objective function directly steers the gen-
erative process. When a word is synthesized well (positive
advantage), the loss encourages the model to increase the
probability of the acoustic tokens that produced it. Con-
versely, if a word is synthesized poorly (negative advan-
tage), the model is discouraged from generating those spe-
cific acoustic tokens in the future. This provides a tight feed-
back loop that addresses specific articulatory and prosodic
failures, pushing the overall distribution of the policy to-
wards generating speech that is consistently rated higher
by the ASR-based evaluator. To stabilize training, we add
a small weight of KL constrain Ly; that is computed by the
logits of a frozen reference model Te¢:

Liotar = Lre + 7L (Tret] [ 79)

Experiment Setup
Models and Dataset

Our primary experiments optimized CosyVoice (Du et al.
2024a), a robust TTS model trained on an extensive dataset
of approximately 170k hours of audio. To rigorously val-
idate the generality of our proposed method, we also ex-
tend our optimization to include other representative TTS
architectures, namely VoiceCraft (Peng et al. 2024) and
MaskGCT (Wang et al. 2024). It is noted that the archi-
tectural distinctions among these models: CosyVoice and
MaskGCT both employ an autoregressive prediction of
single-layer semantic tokens, subsequently reconstructing
speech via flow-matching and non-autoregressive methods,
respectively. In contrast, VoiceCraft directly predicts multi-
layer audio codecs to achieve speech synthesis. For the ASR
model, we choose Whisper-large-v2 due to its popularity.

Given that our optimization method operates without
the need for supervised data, we utilized text from Lib-
riTTS (Zen et al. 2019). For prompts, we sampled 2,500
short utterances, ranging from 3 to 6 seconds in length, from
the LibriTTS training set: 2,000 for optimization and 500 for
evaluation. Furthermore, because CoSyVoice’s training data
includes LibriTTS, we extracted an additional 2,500 speech
samples from Emilia (He et al. 2024) and GigaSpeech (Chen
et al. 2021) to serve as an out-of-domain speaker library.

Training and Evaluation

Training Details. Our autoregressive TTS model, which
was pre-trained on a large-scale multi-speaker corpus, is
fine-tuned using our proposed ASR-guided policy opti-
mization method. The optimization is performed using the
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AdamW optimizer with a learning rate of 2 x 107>, 3,
0.9, B2 = 0.98, and an epsilon of 10~%. We employ a cosine
learning rate decay schedule with a warm-up phase of 2,000
steps. The model is trained using 2 NVIDIA A100 GPUs.
For the core of our proposed algorithm, we set the group
size for candidate generation to N = 8. The total loss is a
combination of the KL loss and the RL loss, weighted by
v = 0.1. The word-level reward function is calculated with
its own set of hyperparameters: the attention purity window
is setto W = 6, the alignment monotonicity scaling factor is
setto 8 = 0.1, and the two reward components are balanced
with equal weights, where Apurity = 0.5 and Apono = 0.5.

Objective Metrics. To evaluate our system objectively,
we assess speaker similarity using the speaker embedding
cosine similarity (SECS) metric, computed via pre-trained
speaker verification models !. Robustness is measured us-
ing word error rate (WER), with transcripts generated by
Whisper-medium to compare with other works. In terms of
speech naturalness, we utilize a neural-network-based esti-
mator to predict mean opinion scores (UTMOS) 2. Follow-
ing prior work (Chen et al. 2024a), we also report the bad
case ratio (BC), defined as the percentage of samples with
either UTMOS below 3 or WER above 20%, to reflect model
robustness across varying conditions.

Subjective Metrics. We use the naturalness mean opinion
score (MOS-N) and similarity mean opinion score (MOS-S)
to evaluate the naturalness of the generated samples from 20
English native speakers. To evaluate the perceived quality of
the synthesized audio, we conducted two subjective listen-
ing tests. First, the naturalness and similarity of 100 samples
are assessed using a 5-point Mean Opinion Score (MOS)
scale, where a rating of 1 indicated “very unnatural” and 5
indicated “completely natural”, a rating of 1 indicated “very
similar” and 5 indicated “completely same”. Additionally, a
paired-comparison AB test was performed to determine rela-
tive preference. In this test, participants listened to 100 pairs
of samples generated from identical input text by two com-
peting models and were instructed to select the sample they
perceived as more natural. A “no preference” (tie) option
was provided for cases where the samples were not clearly
distinguishable.

Baselines. We reproduce the following baselines to opti-
mize CosyVoice:

* Speech-Align (Zhang et al. 2024). An utterance-level
TTS optimization method that employs ground-truth
speech as positive samples, while generated acoustic se-
quence is negative. This method needs the speech label
for optimization, leading to unfair comparison.

UNO (Chen et al. 2024a): An utterance-level TTS op-
timization method that also consider the uncertainty in
MOS estimation. Since the related model is not open-
sourced, we skip the uncertainty coefficient with con-
stant.

"https://github.com/microsoft/UniSpeech
*https://github.com/sarulab-speech/UTMOS22



Objective Metrics Subjective Metrics

Dataset Method
WER () SECS(1) BC(%)({) MOS-N(1) MOS-S 1)
Baseline 5.25 0.69 10.9 4.07 £0.06 4.21 +0.05
In-Domain (LibriTTS) W3AR 3.21 0.71 4.71 438 +0.05 4.32+0.04
GroundTruth 2.19 - - -
Baseline 8.92 0.66 15.4 3.81 £0.07 4.12£0.06
Out-of-Domain (Emilia/GigaSpeech) W3AR 4.54 0.69 8.14 415+ 0.06 4.21 +0.05
GroundTruth 3.87 - - -

Table 1: Main experimental results comparing our proposed W3 AR method with the baseline CoSyVoice model. We report both
objective and subjective metrics on In-Domain and Out-of-Domain test sets. The arrows (1/]) indicate whether higher or lower
values are better. For MOS scores, we report the 95% confidence intervals. Our method demonstrates significant improvements

across all metrics, especially on the out-of-domain data.

In-Domain (LibriTTS) Preference

N
o

39.2%
29.7%

. -

Out-of-Domain (Emilia/GigaSpeech) Preference

N
o

Preference (%)

42.0%

401 34.4%

23.6%
20 1

Preference (%)

W3AR Wins Tie Baseline Wins

Figure 2: AB test results of W3AR (Ours) and Baseline
(CosyVoice) from human listeners

* FPO (Yao et al. 2025): The first work that consider fine-
grained reward in TTS optimization. It analyzes the types
of issues in generated samples, categorize them into two
groups, and propose a selective training loss strategy to
optimize preferences based on issue type.

Result and Analysis

To comprehensively evaluate the effectiveness, robustness,
and generality of our proposed method, W3AR, we conduct
a series of extensive experiments. Our evaluation is struc-
tured into three main parts. First, we present the main results
by applying W3AR to the state-of-the-art CoSyVoice model,
comparing it against the baseline on both in-domain and
challenging out-of-domain speakers to validate its core per-
formance and generalization capabilities. Second, we con-
duct detailed ablation studies to dissect the contribution of
each key component within our framework, and compere
W3AR with other competetive TTS optimization methods.
Finally, we perform generalization and visualization analy-
ses to demonstrate the model-agnostic nature and provide
intuitive insights into our approach.
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Main Result

The qualitative results are presented in Table 1, demonstrat-
ing the clear superiority and robustness of our proposed
W3AR method. On the In-Domain (LibriTTS) test set,
W3AR significantly reduces the Word Error Rate (WER) by
38.9% relative to the baseline (from 5.25 to 3.21), indicat-
ing a substantial improvement in articulatory precision. This
is corroborated by subjective evaluations, where our method
achieves a notable increase in both Mean Opinion Scores for
Naturalness (MOS-N) and Speaker Similarity (MOS-S). The
effectiveness of W3AR is particularly pronounced on the
more challenging Out-of-Domain (Emilia/GigaSpeech) set.
Here, our method nearly halves the WER (from 8.92 to 4.54)
and brings the MOS-N for these unseen speakers (4.15) to a
level on par with that of the baseline on in-domain data. This
highlights our method’s strong generalization capability and
its effectiveness in mitigating quality degradation for novel
voices.

To further validate these findings from a human-centric
perspective, we conducted a head-to-head AB preference
test, with the results displayed in Figure 2. For In-Domain
speakers, listeners showed a clear preference for speech gen-
erated by W3AR, selecting it in 39.2% of comparisons,
compared to only 29.7% for the baseline. This preference
becomes even more decisive for Out-of-Domain speakers,
where W3AR’s win rate increases to 42.0%. Critically, the
percentage of “Tie” results drops from 31.1% in the in-
domain scenario to 23.6% in the out-of-domain one. This
reduction suggests that the quality improvements offered by
W3AR are not only significant but also more readily and
consistently perceivable by human listeners on more chal-
lenging voices, where the baseline model is more likely to
produce discernible artifacts.

Ablation and Comparison

To validate the contributions of our proposed components,
we conducted a thorough ablation study, with results pre-
sented in Table 2. The full W3AR model demonstrates a
significant performance gain over the baseline, establishing
a strong reference for comparison. The removal of either
the Purity or Monotonicity rewards results in a clear degra-
dation across all metrics, particularly in WER and the pre-



In-Domain (LibriTTS)

Out-of-Domain (Emilia/GigaSpeech)

Method
WER (J) SECS (1) UTMOS (1) WER() SECS(t) UTMOS (1)
Cosy Voice (Baseline) 5.25 0.69 3.91 8.92 0.66 3.70
Ablation Study of W3AR Components
W3AR 3.21 0.71 4.10 4.54 0.69 3.99
w/o Purity Reward 4.15 0.69 4.02 5.62 0.69 3.83
w/0 Monotonicity Reward 4.98 0.71 3.95 5.98 0.68 3.75
w/o Group-Relative Opt. 4.41 0.69 3.90 7.23 0.66 3.79
Comparison with other optimization methods
SpeechAlign (Zhang et al. 2024) 3.80 0.70 4.02 5.90 0.68 3.82
UNO (Chen et al. 2024a) 3.92 0.69 3.98 6.72 0.69 3.70
FPO (Yao et al. 2025) 3.15 0.68 4.05 5.94 0.66 3.78

Table 2: Ablation study of our proposed W3AR method and comparison with recent TTS optimization baselines. We report
objective metrics: WER, SECS, and UTMOS. The results demonstrate that each component of W3AR contributes positively
and that W3AR is highly competitive, especially in out-of-domain generalization.

Base Model Method WER (|) UTMOS ()
. Baseline 8.55 3.62
VoiceCraft — \3aR (Ours)  4.98 3.95
Baseline 2.92 4.11
MaskGCT | \W3AR (Ours) 271 423

Table 3: Cross-model generalization results. We apply our
W3AR optimization method to two other representative TTS
models, VoiceCraft and MaskGCT. Objective metrics are re-
ported on the LibriTTS test set. The results show that W3AR
consistently improves performance across different model
architectures, demonstrating its universality.

dicted UTMOS, which confirms their complementary roles
in enhancing articulatory clarity and prosodic fluency. Most
notably, disabling the Group-Relative Optimization strategy
leads to the most severe performance drop, especially in
the challenging out-of-domain scenario where the WER in-
creases from 4.54 to 7.23. This result underscores the critical
function of our optimization strategy in ensuring stable and
effective policy updates for robust generalization

We further benchmark W3AR against several recent TTS
optimization methods to contextualize its performance. As
shown in Table 2, our W3AR framework is highly competi-
tive. While FPO achieves a marginally lower WER on the in-
domain set, our W3AR model attains superior speaker sim-
ilarity (SECS) and the highest perceived quality (UTMOS).
More importantly, W3AR demonstrates a significant advan-
tage in generalization. It achieves a substantially lower WER
(4.54) and a higher UTMOS (3.95) on the out-of-domain set
compared to all other methods, including FPO (5.94 WER,
3.78 UTMOS). This superior performance on unseen speak-
ers positions W3AR as a more robust and practical solution
for improving the reliability of zero-shot TTS systems.
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Cross-model Generalization Result

Model-Agnostic Generalization. To verify the universality
of our proposed W3AR framework, we applied it to two ad-
ditional state-of-the-art TTS models with distinct architec-
tures: VoiceCraft and MaskGCT. The results, presented in
Table 3, confirm that our method is not limited to a single
model family. When applied to VoiceCraft, W3AR yields
a dramatic relative WER reduction of 41.7% (from 8.55 to
4.98) and a corresponding significant increase in the pre-
dicted quality score (UTMOS). Furthermore, despite the al-
ready strong performance of the MaskGCT baseline (2.92
WER), our method still manages to reduce its error rate
and improve its UTMOS score. These experiments demon-
strate that W3AR functions as a versatile and effective post-
optimization layer, capable of enhancing a wide range of
modern TTS systems regardless of their underlying gener-
ative mechanism.

Conclusion

In this paper, we address the challenge of fine-grained op-
timization for autoregressive TTS by introducing W3AR, a
novel framework that uses a pre-trained ASR model to pro-
vide word-level rewards. W3AR derives these rewards by
analyzing the Attention Purity and Alignment Monotonicity
of an ASR cross-attention map, effectively assessing both
articulatory clarity and prosodic fluency. This signal then
guides a stable group-relative policy optimization process
to directly correct specific generation artifacts. Our exper-
iments show W3AR significantly improves state-of-the-art
TTS models, demonstrating superior performance and gen-
eralization on both out-of-domain speakers and across dif-
ferent model architectures. Our work establishes a powerful
paradigm for generative Al refinement, demonstrating that
the internal “perception” of one expert model can be dis-
tilled into a fine-grained, interpretable reward to systemati-
cally enhance the quality and robustness of another.
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