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Abstract

While controllable Text-to-Speech (TTS) has
achieved notable progress, most existing meth-
ods remain limited to inter-utterance-level con-
trol, making fine-grained intra-utterance expres-
sion challenging due to their reliance on non-
public datasets or complex multi-stage training.
In this paper, we propose TED-TTS, a training-
free controllable framework for pretrained zero-
shot TTS to enable intra-utterance emotion
and duration expression. Specifically, we pro-
pose a segment-aware emotion conditioning
strategy that combines causal masking with
monotonic stream alignment filtering to isolate
emotion conditioning and schedule mask tran-
sitions, enabling smooth intra-utterance emo-
tion shifts while preserving global semantic
coherence. Based on this, we further propose
a segment-aware duration steering strategy to
combine local duration embedding steering
with global EOS logit modulation, allowing
local duration adjustment while ensuring glob-
ally consistent termination. To eliminate the
need for segment-level manual prompt engi-
neering, we construct a 30,000-sample multi-
emotion and duration-annotated text dataset
to enable LLM-based automatic prompt con-
struction. Extensive experiments demonstrate
that our training-free method not only achieves
state-of-the-art intra-utterance consistency in
multi-emotion and duration control, but also
maintains baseline-level speech quality of the
underlying TTS model. Audio samples are
available at https://simon-1leong.github.
io/TED-TTS-DemoPage/.

1 Introduction

Humans naturally regulate emotional expression
and speaking pace during speech in a dynamic
and flexible manner, reflecting changes in seman-
tics, emphasis, and discourse intent (Scherer, 2003;
Tang et al., 2023). How to replicate such intra-
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Figure 1: Overview of our training-free framework for
intra-utterance emotion and duration control, where the
green, red, and blue regions denote three segments with
different emotion and duration settings within the same
utterance.

utterance expressiveness remains a challenge in
building human-like TTS synthesis systems.

Recent advances in controllable TTS have en-
abled zero-shot synthesis conditioned on attributes
such as speaker identity, emotion, and speaking
rate (Du et al., 2024b; Wang et al., 2025¢,b; Chen
et al., 2025; Gao et al., 2025; Yang et al., 2025;
Zhou et al., 2025). Despite these advances, control-
lability in most existing methods remains confined
to the utterance level, where a single emotional or
prosodic condition is uniformly applied to an entire
utterance, deviating from the dynamic expression
naturally observed in human speech. To address
this limitation, some methods (Luo et al., 2021;
Tan et al., 2024) predict phoneme- or frame-level
affective attributes directly from text, while others
(Kanda et al., 2024; Wu et al., 2024) rely on emo-
tional reference speech to guide localized expres-
sive patterns, such as brief laughter or crying. Most
recently, WeSCon (Wang et al., 2025a) proposes a
self-training framework with transition smoothing
and emotional-bias mechanisms, enabling the TTS

23485

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 23485-23508

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://simon-leong.github.io/TED-TTS-DemoPage/
https://simon-leong.github.io/TED-TTS-DemoPage/

model to render multiple emotions within an utter-
ance through distillation. While these meaningful
progress, they typically rely on large-scale time-
aligned annotated speech datasets or involve multi-
stage training pipelines, which substantially limit
their cross-model transferability and real-world de-
ployment.

These challenges naturally raise an important
question: Is it possible to achieve stable segment-
level emotion transitions and duration control
without retraining the model? In this paper,
as shown in Fig. 1, we revisit controllable TTS
from an inference-time perspective and propose
the first Training-free Intra-Utterance Emotion and
Duration control framework (TED-TTS). Rather
than introducing additional predictors or retrain-
ing the acoustic model, our approach focuses on
restructuring how conditioning information is ac-
cessed and updated during autoregressive decod-
ing. Specifically, for multi-emotion control, we pro-
pose a segment-aware emotion conditioning strat-
egy that combines causal masking with monotonic
stream alignment algorithm, which jointly isolates
segment-specific emotion conditioning and per-
forms online text-semantic alignment to schedule
mask transitions, enabling smooth intra-utterance
emotion shifts while preserving global semantic
coherence. To enable multi-duration control, we
further propose a segment-aware duration steering
strategy to incorporate local duration embedding
steering with global EOS logit modulation, allow-
ing segment-level pacing adjustment while ensur-
ing globally consistent sequence termination. Be-
sides, we construct a Multi-Emotion and Duration-
annotated text dataset (MED-TTS) with 30,000
samples and fine-tune Qwen3-8B to enable LLM-
based automatic prompt construction, thereby elim-
inating the need for segment-level manual segmen-
tation and prompt engineering. Extensive experi-
ments demonstrate that our method achieves state-
of-the-art performance in stable intra-utterance
multi-emotion transitions and duration control,
while preserving the strong zero-shot synthesis ca-
pability of the underlying TTS model without any
additional training. Our contributions are summa-
rized as follows:

* We propose a training-free controllable frame-
work for intra-utterance-level TTS, and elim-
inate manual prompt engineering by con-
structing a 30,000-sample multi-emotion and
duration-annotated text dataset for LLM-

based automatic prompt construction.

* We propose a segment-aware emotion con-
ditioning strategy to jointly isolate segment-
specific emotion conditioning and perform on-
line text-semantic alignment, enabling stable
multi-emotion transitions within a single ut-
terance.

* We propose a segment-aware duration steering
strategy that achieves local segment duration
control while preserving globally consistent
sequence termination.

» Extensive experiments demonstrate that our
training-free method not only achieves state-
of-the-art intra-utterance consistency for
multi-emotion and duration control, but also
maintains the baseline-level speech quality of
the underlying TTS model.

2 Related Work

2.1 Emotionally Controllable TTS

Emotion-controllable TTS methods can be broadly
categorized by the modality of emotion prompts.
Speech-prompt-based methods condition synthe-
sis on reference emotional utterances and can trans-
fer fine-grained affective cues such as intensity and
prosody (Eskimez et al., 2024; Du et al., 2024a;
Wang et al., 2025¢,b; Chen et al., 2025), but their
reliance on reference speech limits practical flex-
ibility. In contrast, Text-prompt-based methods
offer more flexible control, where early approaches
rely on discrete emotion labels (Guo et al., 2023a;
Kang et al., 2023; Diatlova and Shutov, 2023; Tang
et al., 2024; Gao et al., 2025), while recent meth-
ods adopt natural language emotion descriptions
for richer and more continuous conditioning (Guo
et al., 2023b; Liu et al., 2023; Yang et al., 2024;
Du et al., 2024b; Yang et al., 2025; Zhou et al.,
2025). However, these methods typically operate
at the utterance level, assigning a single global
emotion to an entire utterance and thus failing to
capture intra-utterance emotional dynamics. To
address this limitation, several Intra-utterance
control methods predict fine-grained affective at-
tributes directly from text (Im et al., 2022; Luo
et al., 2021; Tan et al., 2024), or incorporate emo-
tional reference speech to enable localized expres-
sions such as laughter or crying (Kanda et al., 2024;
Wu et al., 2024). More recently, WeSCon (Wang
et al., 2025a) introduces a self-training framework
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to support multi-emotion rendering within a single
utterance. Despite these advances, existing meth-
ods often rely on large-scale non-public emotional
datasets or multi-stage training pipelines that hin-
der their scalability and cross-model transferability,
leaving training-free intra-utterance emotion con-
trol as an open and practically valuable challenge.

2.2 Duration Controllable TTS

Current exploration on duration control has ad-
vanced along both non-autoregressive and autore-
gressive approaches. Non-autoregressive meth-
ods achieve duration control via explicit duration
predictors based on diffusion-transformers (Lee
et al., 2025), flows (Kim et al., 2023), or language
models (Du et al., 2025), but these predictors are
trained separately and often struggle with temporal
accuracy under prosodic variability. In contrast,
autoregressive methods lack inherent duration
control and typically rely on auxiliary cues, such
as natural-language timing prompts (Zhou et al.,
2024) or specialized attributes and labels (Li et al.,
2025; Sahipjohn et al., 2024; Wang et al., 2025b).
More recently, IndexTTS2 (Zhou et al., 2025) im-
proves controllability by conditioning semantic to-
ken generation on duration positional embeddings,
enabling more stable alignment between desired
and produced token lengths than earlier autoregres-
sive methods. However, existing approaches still
struggle to decouple local pacing from global gen-
eration, failing to provide a unified framework that
ensures stable intra-utterance duration control with-
out compromising overall alignment.

2.3 Inference-Time Controllable TTS

Several approaches have explored inference-time
controllable TTS, enabling flexible manipulation of
speech attributes. EmoKnob (Chen et al., 2024) in-
jects scaled emotion difference vectors into speaker
embeddings for emotion control, while PRESENT
(Lam et al., 2025) performs rule-based prosody
shaping by adjusting pitch, duration, and energy
predictions from text prompts. SPTTS (Suni et al.,
2025) further operates in the latent embedding
space, manipulating prosody and style directions
derived via linear regression and vector arithmetic.
More recently, EmoSteer-TTS (Xie et al., 2025)
directly steers token-level activations in pretrained
diffusion-based TTS models, enabling training-free
emotion control with improved interpretability over
global embedding methods. However, these meth-
ods predominantly focus on implicit latent manipu-

lation or isolated feature editing, and lack a unified
framework for jointly controlling segment-level
emotion and pacing transitions.

3 Method

In this section, we introduce a training-free control-
lable framework for intra-utterance emotion and
duration transitions, with details provided in the
following subsections.

3.1 MED-TTS Dataset

Automatic Prompt Construction. Existing intra-
utterance controllable TTS systems require manual
text segmentation and segment-level emotion and
duration specification, which is labor-intensive in
real-world scenarios. To eliminate manual prompt
engineering, we fine-tune the Qwen3-8B LLM to
automatically transform raw user text into struc-
tured multi-segment prompts. As a prerequisite, we
construct a dedicated Multi-Emotion and Duration-
annotated text dataset (MED-TTS) with 30,000
samples, which is used to supervise emotion-aware
text segmentation, natural language emotion de-
scription generation, and segment-level speech du-
ration estimation. As illustrated below, MED-TTS
is synthesized using LLM through a structured
pipeline consisting of generation, annotation, and
verification.

Step 1: Content text generation. GPT-4o is
prompted to generate 15,000 English and 15,000
Chinese emotion-rich content texts that explicitly
exhibit continuous emotional transitions within a
single utterance. Each text spans multiple emo-
tional phases drawn from 7 core emotions (happy,
sad, angry, surprised, fearful, disgusted, and neu-
tral) and 3 text categories (descriptive, dialogue-
style, and observational), forming either smooth
or abrupt emotional progressions across diverse
content genres. Example prompt used in Step 1 is
shown in List. 1. Step 2: Multi-segment prompt
annotation. To enable precise segment-level con-
trol, DeepSeek-Chat is prompted to perform pre-
cise semantic decomposition by segmenting the
utterance into multiple emotion-specific segments.
For each segment, it produces a concise natural
language emotion description together with a re-
alistic duration estimate, forming a structured se-
quence of emotion-duration pairs compatible with
controllable TTS inputs. Example prompt used in
Step 2 is shown in List. 2. Step 3: Post-processing
and manual verification. Automatic checks are
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Figure 2: Overview of our training-free framework for fine-grained intra-utterance emotion and duration control,
illustrating the transition from the second (red) segment to the third (blue) segment via segment-aware duration
steering (left) and segment-aware emotion conditioning (right) strategy.
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Figure 3: Statistics of the MED-TTS dataset. (a) Dis-
tribution of Chinese and English content segments. (b)
Distribution of emotion segments with average charac-
ter counts.

finally applied to filter samples with formatting er-
rors, missing fields, or invalid segment boundaries,
followed by systematic manual verification of out-
puts from both Step 1 and Step 2. The manual
verification checklist is provided in List 3.
Dataset Statistics We summarize the distribu-
tion of the MED-TTS dataset across languages,
text categories, and emotion segments. As illus-
trated in Fig. 3a, the dataset is well balanced across
languages, comprising 14,965 Chinese and 15,092
English samples. Within each language, samples
are further evenly distributed across three text cate-
gories, each contributing approximately 5,000 utter-
ances. Fig. 3b presents the segment-level emotion
statistics. Across both Chinese and English, the

7 emotion types are uniformly represented, with
each emotion accounting for approximately 12,000
segments. The average segment length remains
stable within each language but differs across lan-
guages, with Chinese emotional segments typically
spanning about 24-26 characters, while English seg-
ments are longer on average, ranging from roughly
34-39 words depending on emotion. Based on this
dataset, we perform supervised fine-tuning with
LoRA on the Qwen3-8B large language model,
enabling automatic construction of segment-level
TTS prompts without manual prompt engineering.
Detailed prompting strategies, step-wise checklists,
dataset statistics, and fine-tuning details are pro-
vided in the Appendix A.

3.2 Segment-Aware Emotion Conditioning

Our TTS architecture follows the same config-
uration as the IndexTTS2 (Zhou et al., 2025)
baseline, and we focus our design on its text-
to-semantic (T2S) module to enable training-free
intra-utterance emotion control. Specifically, T2S
is formulated as an autoregressive semantic token
prediction task conditioned on text and a set of
control embeddings. Given an input text, rep-
resented by the yellow tokens in Fig. 2, we de-
compose it into M user-defined segments X =
{X1,X3,...,Xp}, and each segment X,,, is as-
signed a condition embedding C,,, = {L,E,,},
where I denotes a fixed speaker identity embed-
ding shared across the segment, and E,,, represents
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segment-specific emotion conditions. However, in
autoregressive T2S formulations, semantic tokens
are generated as a continuous stream without ex-
plicit segment boundaries, making it non-trivial
to apply segment-level conditions to their corre-
sponding text segments while preserving semantic
continuity. To address this challenge, we propose a
2D causal attention mask combined with a mono-
tonic stream alignment algorithm to enable smooth
intra-utterance emotion transitions.

2D Causal Attention Mask. To resolve the
misalignment between continuous generation and
segment-level conditions, we design a 2D causal
attention mask that disentangles condition visibil-
ity from semantic context. The mask preserves
standard causal attention among text and semantic
tokens across segment boundaries, ensuring glob-
ally coherent semantic generation while strictly
restricting access to condition embeddings to be
segment-local. Specifically, for any token that be-
longs to the m-th segment (either a text token in
X or a generated semantic token that currently
aligns to X,,,), attention is allowed to attend only to
its corresponding condition embedding C,,,, while
all other condition embeddings {C; | j # m}
are masked out. Meanwhile, each condition em-
bedding C,, is prevented from attending to other
condition embeddings, avoiding cross-condition
information leakage. After that, as shown at the
bottom of Fig. 2, emotional style is governed ex-
clusively by the locally active condition, whereas
semantic content remains globally visible through
standard causal context.

However, applying 2D causal attention masks
requires real-time knowledge of the alignment
between generated semantic tokens and source
text tokens. While transformer attention can pro-
vide alignment cues, raw attention maps are often
noisy, head-dependent, and non-monotonic, mak-
ing them unreliable for driving mask transitions.
To address this, we propose an online Monotonic
Stream Alignment (MSA) algorithm that performs
Bayesian-style alignment tracking using attention
as observation.

Monotonic Stream Alignment (MSA). As
shown in Fig. 4, we use A; € R*H*T denote
the raw attention maps from the current semantic
token s; to the T" text tokens across L layers and
H heads, where Al(.l’h) is the attention vector of
head (I, h). During online autoregressive decoding,

MSA maintains a belief distribution over text posi-

Monotonic Stream Alignment (MSA)
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Figure 4: Detailed illustration of Monotonic Stream
Alignment (MSA) in segment-aware emotion condition-
ing, where from top to bottom are MSA algorithm, MSA
alignment result, and the visualization of 2D causal at-
tention mask, respectively.

tions to track the alignment of s;, represented by a
prior distribution 7r; and a posterior distribution 7r;,
both defined over the 7" text tokens. At each decod-
ing step ¢, MSA first performs the Predict step by
propagating the posterior ;_1 from the previous
step forward along the text sequence using a mono-
tonic transition operator P. This propagation yields
a prior distribution 7r; that encodes strong temporal
monotonicity, encouraging gradual forward move-
ment while suppressing backward alignment. After
obtaining the monotonic prior 7r;, MSA enters the
Select step to select the most reliable attention head
by measuring how well each head’s attention distri-
bution agrees with the predicted alignment:

(I*,h*) = argmax #; log Al(l’h), (1)

Lk
where Agl’h) denotes the attention vector of head
(I, h). The resulting head (I*, h*) provides the most
reliable attention observation used in the subse-
quent update. In the final Update step, MSA com-

bines the selected attention observation AEZ )
with the monotonic prior 7r; to compute the poste-

rior alignment belief as:

7t © G, (A7)

™ = 7 ) 2)
where © denotes element-wise multiplication,
G (+) is a Gaussian smoothing operator, and Z is a
normalization factor. This update incorporates real-
time attention evidence while enforcing monotonic-
ity, resulting in a stable alignment trajectory ;.
Benefiting from this alignment trajectory, segment-
level causal mask switching is triggered by tracking
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the expected aligned text position, enabling subse-
quent semantic tokens to attend to the new segment
condition. More detailed mathematical derivations
are provided in Appendix B.

3.3 Segment-Aware Duration Steering

Beyond segment-level emotional expressiveness,
we further extend our emotion control framework
to enable multi-segment duration control in a fully
training-free autoregressive setting.
Local Duration Embedding Steering. Inspired
by IndexTTS2 (Zhou et al., 2025), we condition du-
ration control on a dedicated duration embedding
indexed by the semantic token length, and tie its em-
bedding table W 4,,,. with the semantic positional
embedding table W g, to align autoregressive po-
sitional progression with target duration. As shown
in Fig.2, given an utterance with M segments and
desired durations d = {d1,ds, ..., dp}, each seg-
ment duration is converted into the correspond-
ing number of semantic tokens according to the
codec token rate (Wang et al., 2025c¢), yielding
d= {dl, dg, .. dM} We accumulate segment—
level targets into cumulative token lengths D; =
> et dy and retrieve segment-wise initial dura-
tion embeddings as D; = W, [DZ], which are
concatenated into the segment-level conditioning
inputs C,,, to guide subsequent generation.
During autoregressive decoding, the actual se-
mantic token generation speed may deviate from
the user-specified target due to alignment uncer-
tainty and model stochasticity. To correct such
deviations online, we introduce a local duration
embedding steering mechanism that dynamically
updates the duration embedding via adaptive du-
ration table lookup. At each decoding step i, we
leverage MSA (Section 3.2) to estimate the current
aligned text position and compute two normalized
progress indicators within the active segment: text
progress T+ and semantic progress rgemy,. Lheir
discrepancy is defined as Ar = 7ept — T'sem, Where
a positive value indicates lagging semantic gener-
ation, which is then used to adjust the effective
semantic token length via a proportional controller:

AD; = clip([k - Ar], —Amaxs Amax), (3)
where k controls the correction strength, |-] de-
notes rounding to the nearest integer, and Ap,ax
bounds the maximum adjustment. The effective
segment-wise target is updated as D; +AD; — Dj,

and the duration table W 4, is re-queried only for
the active segment to obtain the updated duration
embedding D/, while duration embeddings of other
segments remain unchanged. For stability, updates
are applied at a low temporal frequency, allowing
multiple consecutive semantic tokens to share the
same duration embedding.

Global EOS Steering. In autoregressive decod-
ing, the End-Of-Semantic (EOS) token determines
sequence termination and overall duration. While
local duration embedding steering regulates local
generation pace, it does not explicitly control when
decoding ends. To address this, we introduce a
global EOS steering strategy that modulates se-
quence termination by applying adaptive biases
to the EOS logit. Specifically, EOS generation is
suppressed in all non-final segments to prevent pre-
mature termination, and in the final segment, the
EOS logit is progressively adjusted based on the
remaining semantic budget, discouraging early ter-
mination while smoothly encouraging EOS emis-
sion as the target budget is approached. Detailed
parameter settings are provided in Appendix C.

4 Experiments

Datasets and Comparison Models. We use the
MED-TTS dataset for content text, text-based emo-
tion prompts, and duration annotations, which con-
tains 15,000 English and 15,000 Chinese pair sam-
ples. For each language, 500 samples are ran-
domly held out for evaluation, while the remaining
samples are used for Qwen3-8B fine-tuning. For
identity and emotion speech prompts, we adopt
the Emotional Speech Dataset (ESD) (Zhou et al.,
2022), where a same-language speaker is fixed per
test utterance to ensure timbre consistency, and
the speaker’s emotional speech is used as segment-
level emotion references.

We compare our method with representative
controllable TTS methods spanning both non-
autoregressive and autoregressive frameworks.
The non-autoregressive models include MaskGCT
(Wang et al., 2025¢) and F5-TTS (Chen et al.,
2025). The autoregressive models include
CosyVoice2 (Du et al., 2024b), Spark-TTS (Wang
et al., 2025b) and IndexTTS2 (Zhou et al., 2025).
Evaluation Metrics. We adopt both objective and
subjective metrics to comprehensively evaluate sys-
tem performance. Intelligibility is measured by
WER for English using Whisper-Large (Radford
et al., 2023) and CER for Chinese using Paraformer
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Model WER/CER| DNSM{ SSIM{ NISQAT OVRL{ Emo2vf SMOSt NMOST EMOSt
Speech Emotion Prompt

MaskGCT 3.520 3.829 0.347 4.475 3.275 0.854 29640314 2.77+028 3.6440.24
. EsTTS 2.632 3.674 0353 4427 3.330 0.832  3.334036 3401030 3.5640.28
2 SparkTTS 2.433 3456 0358  4.494 3.404 0.849 3494099 3271031 3.441029
L%" CosyVoice2 1411 3.605 0402 4535 3.316 0.831 3334031 2871032 3.314009s

IndexTTS2 2.454 3.871 0457  4.465 3.304 0.861 3204036 2981030 4.07102

Ours 2.519 3.925 0.485 4.706 3.395 0.837 4'00j:0.24 4-20ﬂ:0 23 3-42ﬂ:0 30

 MakGCT 7221 3.603 0350 4309 3278 0814  2.80:031 2331031 3641027

° FSTTS 10.317 3.314 0.324 3.718 3.228 0.734 3221036 2494038 3.1340.28
§  SparkTTS 3.107 3466 0382 4338 3.345 0.807 3424033 2.871031 3.804024
£ CosyVoice2 3.375 3306 0423 4.147 3.313 0.766  3.041035 2711037 3.2940.29
“  IndexTTS2 4.015 3.694 0401  4.146 3.289 0.869  3.674033 3.021030 3.871024

Ours 3.792 3.752 0.470 4.509 3.370 0.724 4131023 4.074+030 3.624032

Text Emotion Prompt

= CosyVoice2 1.522 3465 0453 4330 3.271 0303 3334057 3731031 2531031
%  IndexTTS2 2.246 3.543 0424 4.299 3.216 0.525  3.764030 3.441035 3.421099
LE Ours 3.038 3.694 0.462 4.569 3.335 0.433 4-04j:0.29 4.22:‘:0‘23 3.64:‘:0‘31
9 CosyVoice2 4.488 3.105 0477 4346 3.206 0222 2184033 3.561031 2.8440.5
£ IndexTTS2 6.962 3212 0369 4179 3.169 0.702 3294036 2711033 3.5610.31
6 Ours 5.893 3.357 0.421 4.407 3.295 0.531 4'07i0 25 4-04i0 22 3.84i0 25

Table 1: Objective and subjective evaluation across different emotion prompt settings. | indicates that lower values
are better, while 1 indicates that higher values are better. Subjective results are evaluated by 15 listeners, with 95%
confidence intervals computed using a t-test. The best results are highlighted in bold, and the second-best results

are underlined.

(Gao et al., 2022). Speaker similarity (S-SIM) is
computed as the cosine similarity between WavLM-
Large speaker embeddings (Chen et al., 2022).
Transition smoothness is assessed using DNSMOS-
Pro (DNSM) (Cumlin et al., 2024) over sliding
speech segments, while perceptual quality is evalu-
ated with NISQA (Mittag et al., 2021) and OVRL
(Reddy et al., 2022). Emotional accuracy is eval-
uated based on the emotion prompt type, using
emotion2vec-Large embeddings (Ma et al., 2024)
for speech prompts and a fine-tuned emotion2vec
classifier for text prompts. Subjective evaluation
is conducted using four MOS criteria: SMOS for
speaker similarity, NMOS for the naturalness of
emotion transitions, EMOS for emotion alignment,
and SPMOS for speaking rate accuracy. All scores
are collected on a 5-point scale and reported with
mean values and 95% confidence intervals.

5 Results and Evaluation

5.1 Comparison with Reference Models

Objective Evaluation. Since comparative methods
lack intra-utterance controllability, all segments
are synthesized independently and concatenated
for evaluation. Under this setting, we conduct ob-
jective evaluations for both emotion and duration
control. For emotion control, results are reported

under two prompting settings: speech emotion
prompts and text emotion prompts. For duration
control, emotion is fixed to neutral, and segment-
level speech synthesis is evaluated under five du-
ration scaling factors (0.75, 0.875, 1.0, 1.125, and
1.25). As shown in Tab. 1, our method achieves the
best overall performance on most objective metrics
across both languages and prompting settings, with
consistent gains on DNSM and SSIM indicating
smoother emotion transitions and improved speaker
consistency. Although WER/CER and emotion
recognition scores are not always optimal, they re-
main comparable to the IndexTTS2 baseline, which
is expected for a training-free framework. For dura-
tion control, as shown in Tab. 2, our method attains
the best DNSM, NISQA, and OVRL scores in both
languages, reflecting more stable temporal pacing
and improved perceptual quality. While some meth-
ods achieve higher SSIM, this advantage largely
stems from segment-independent synthesis under
neutral emotion. In contrast, our method performs
multi-segment duration control in a single genera-
tion, making SSIM preservation more challenging
but better reflecting realistic controllable synthe-
sis scenarios. Overall, these results demonstrate
that our training-free framework supports effective
intra-utterance emotion and duration control under
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Model WER/CER| DNSM?{ SSIMt NISQAT OVRLt SMOSt NMOSt SPMOSt
Speech Emotion Prompt

= MaskGCT 2.482 3.964 0.539 4.536 3301 4.004032 3424038 3471031
2 FSTTS 1.941 3.683 0.543 4.454 3307 3.764032 3.024042 3.2440.32
L%D IndexTTS2 2.597 3.899 0.575 4.604 3.273 3.8910_33 3.87i0,32 3.6710,37

Ours 3.227 3.988 0.532 4.766 3.336 4.22:|:0,22 4.20:|:0 25 3.62;&0 34
o MaskGCT 8.140 3.711 0.614 4.366 3.167 3314040 2.6040939 3.024031
§ F5TTS 9.004 3.386 0.598 4.286 3204  3.824035 2.59+040 2.89+0.36
5 IndexTTS2 1.623 3.715 0.597 4.345 3248  3.764034 3.274+034 2.8410.38

Ours 2.732 3.803 0.578 4.536 3291 398,028 4161027 3.62.030

Table 2: Objective and subjective evaluation on different duration scaling settings. | indicates that lower values are
better, while 1 indicates that higher values are better. Subjective results are evaluated by 15 listeners, with 95%
confidence intervals computed using a t-test. The best results are highlighted in bold, and the second-best results

are underlined.

Method WER/CER| DNSM?T SSIMT NISQA?T
Segment-aware Emotion Conditioning

Ours 2.519 3.925 0.485 4.706
w/o full-text access 2.409 3.855 0.449 4.578
w/o alignment 2.043 3.831 0.442 4.639
Segment-aware Duration Steering

Ours 3.227 3.988 0.460 4.766
w/o local steering 3.861 3.032 0.437 4.750
w/o global EOS 3513 3.885 0.451 4717

Table 3: Ablation study of our segment-aware emotion
conditioning and duration steering modules.

more challenging settings, while consistently out-
performing the baseline and comparative methods
on most objective metrics and achieving state-of-
the-art transition smoothness.

Subjective Evaluation. We report subjective re-
sults on SMOS, NMOS, EMOS, and SPMOS in
Tab. 1 and 2. Unlike comparative methods that syn-
thesize segments independently, our approach per-
forms one-shot generation with all intra-utterance
emotion and duration variations. Despite being
training-free and inherently bounded by the base-
line model, our framework achieves state-of-the-
art or highly competitive performance across most
MOS metrics in both emotion and duration control
evaluations.

5.2 Ablation Study

Emotion and Duration Control Evaluation. We
evaluate emotion conditioning and duration steer-
ing as two segment-level components of our frame-
work. For emotion control, restricting segments
to local text only (w/o full-text access) or remov-
ing MSA alignment (w/o alignment) degrades ex-
pressive quality and cross-segment speaker consis-
tency, as evidenced by reduced DNSM and SSIM

MAE: 0.363

Text Token Index

MAE: 0.216

MAE: 0.157

Semantic Token Index

Attention Value —e=— Alignment Path Emotion Switch Point(GT)

| |
00 02 04 06 08 10

Figure 5: Visualization of alignment paths and emotion
switching, with background shading denoting emotion
segments and lower MAE indicating better alignment.

in Tab. 3, indicating that full-text access and mono-
tonic alignment primarily contribute to smooth
emotional transitions rather than token-level ac-
curacy. For duration control, disabling local steer-
ing (w/o local steering) leads to the largest perfor-
mance drop, while removing global EOS control
(w/o global EOS) causes a smaller but consistent
degradation, suggesting that local pacing domi-
nates segment-level naturalness and global EOS
provides additional stabilization.

Monotonic Stream Alignment Evaluation. To
evaluate the effectiveness of MSA, we visualize
alignment results under different settings in Fig. 5
and report the mean absolute error (MAE) of seg-
ment boundary positions. Raw attention maps ex-
hibit diffuse and locally non-monotonic patterns,
making greedy alignment highly sensitive to noise
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Method x0.75 x0.875 x1 x1.125 x1.25
Ours 3387 1.704 3.218 3.210 3.211
w/o local steering 3.728 3.203 5.670 8.179 11.594
w/o global EOS  1.941 2404 5.638 7.650 9.158
Baseline 5778 6912 7.100 8.232 12.032

Table 4: Average semantic token number error rate (%)
across segments for duration control under different
settings. Lower indicates better duration accuracy.

and leading to unstable trajectories and frequent
segment switching failures. Introducing the mono-
tonic stream constraint alleviates this issue and re-
duces MAE to 0.216, but residual attention uncer-
tainty still causes instability. By further incorpo-
rating the observation component, where the Top-
k most reliable attention heads are selected with
k = 3 instead of relying on a single maximum,
MSA effectively suppresses alignment uncertainty,
enforces smooth monotonic trajectories, and re-
duces MAE to 0.157, yielding precise emotion
transitions closely aligned with the ground-truth
boundaries.

Duration-Specified Evaluation. We evaluate
duration-specified speech synthesis under five
segment-level scaling factors (x0.75, x0.875,
x 1.0, x1.125, and x1.25), comparing our full sys-
tem with ablated variants and an IndexTTS2 base-
line. As shown in Tab. 4, our method consistently
achieves the lowest semantic token number error
across all settings, reducing the error by 3.53% and
2.41% on average compared to variants without
local steering and global EOS control, respectively.
Relative to the baseline without explicit duration
control, our approach further yields a 5.07% aver-
age error reduction, demonstrating accurate and ro-
bust duration control across diverse segment-level
targets.

Inference Efficiency Evaluation. We evaluate the
practical efficiency of the proposed framework us-
ing real-time factor (RTF), autoregressive (AR) la-
tency, and end-to-end (E2E) latency, where latency
is reported as the average inference time in seconds.
Starting from the baseline (S1), we progressively
incorporate segment-aware emotion conditioning
(S2) with 2D causal masking and MSA, followed
by segment-aware duration steering (S3) with lo-
cal duration steering and global EOS steering. As
shown in Fig. 6, incorporating emotion condition-
ing results in a moderate increase in computational
cost, with RTF rising by 22.7% on English and
24.5% on Chinese. Further incorporating duration

st s2 s3 RIF (77 ARLatency [ E2E Latency

B
& 04

Average Latency (s)

ish

Chinese

&

Figure 6: Efficiency analysis of the proposed frame-
work under incremental configurations. S1 denotes the
baseline model, S2 adds segment-aware emotion con-
ditioning, and S3 further incorporates segment-aware
duration steering. All metrics are evaluated under iden-
tical hardware conditions using the NVIDIA RTX 4090
GPU.

steering results in additional but controlled over-
head, yielding total increases of 40.2% and 42.2%,
respectively. Despite these increases, RTF remains
consistently below 1.0 across both languages, in-
dicating that real-time inference capability is pre-
served. Meanwhile, latency analysis shows that the
majority of the overhead arises from the autoregres-
sive stage. From S1 to S3, AR latency increases by
13.4% on English and 14.7% on Chinese, reflecting
a favorable trade-off between controllability and ef-
ficiency while maintaining real-time performance.

6 Conclusion

In this paper, we propose the first training-free con-
trollable framework to enable intra-utterance emo-
tion and duration control in pretrained zero-shot
TTS. By introducing segment-aware emotion con-
ditioning and duration steering from an inference-
time perspective, our method achieves smooth seg-
ment transitions within a single utterance, and is
readily applicable to a broad class of autoregres-
sive TTS backbones without requiring architectural
modification or additional training. Extensive ex-
periments demonstrate that our method not only
delivers state-of-the-art intra-utterance controllabil-
ity, but also preserves baseline-level speech quality
of the underlying TTS model.
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Limitations

Despite its advantages, our proposed training-free
framework also has several limitations. First, the
framework does not explicitly model gradual emo-
tion transitions between adjacent segments. While
segment-aware masking and alignment ensure
smooth signal-level continuity, emotional variation
is controlled in a segment-wise manner rather than
through a continuous emotion trajectory, which
may limit the representation of intermediate emo-
tional states. Second, the precision of duration
control is influenced by the duration representa-
tion learned in the pretrained baseline TTS model.
Since our approach operates without parameter
updates, the duration embedding may not always
support strictly linear or fine-grained timing con-
trol, particularly under highly expressive or out-of-
domain conditions. Future work will investigate
training-free or minimally adaptive strategies to
better model continuous emotion evolution and du-
ration precision, while preserving the simplicity
and generality of the proposed framework.

Ethical Considerations

This work involves the use of large language mod-
els to generate a synthetic text dataset for Qwen3
fine-tuning and model evaluation, and therefore
shares some general characteristics of LLM-based
generation, such as occasional variations in fac-
tual precision or stylistic expression. All models
and datasets used are publicly available and em-
ployed under their respective licenses, and no pri-
vate or personally identifiable speech data is in-
volved. While intra-utterance-level controllable
TTS can benefit expressive speech synthesis and
human-computer interaction research, high-fidelity
speech generation also entails potential risks if mis-
used, such as speaker impersonation or spoofing
of voice-based authentication systems. In practical
applications, it is important to incorporate appro-
priate safeguards, including audio watermarking,
output traceability, or dedicated detection models,
to facilitate the identification of synthesized speech
and discourage unintended or malicious misuse.
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A Automatic Prompt Construction

A.1 LLM-Based Prompting Strategy

MED-TTS is synthesized through a structured
LLM-driven pipeline consisting of content genera-
tion, segment-level annotation, and manual verifica-
tion. Specifically, we adopt a two-stage prompting
strategy to automatically construct intra-utterance
emotion and duration TTS prompts. In Step 1,
GPT-40! is prompted to generate 15,000 English
and 15,000 Chinese emotion-rich content texts that
explicitly exhibit continuous emotional transitions
within a single utterance. Each text spans mul-
tiple emotional phases drawn from 7 core emo-
tions (happy, sad, angry, surprised, fearful, dis-
gusted, and neutral), forming either smooth or
abrupt emotional progressions rather than a sin-
gle static emotional state. In Step 2, DeepSeek-
Chat 2 is prompted to leverage its strong contextual
understanding capability, performing precise se-
mantic decomposition by segmenting the utterance
into multiple emotion-specific segments. For each
segment, it produces a concise natural language
emotion description together with an estimated
speaking duration, forming a structured sequence
of emotion-duration pairs that directly aligns with
the input requirements of controllable TTS sys-
tems. Example prompts used in Step 1 and Step 2
are shown in List. 1 and List. 2, respectively.

A.2 Quality Control and Manual Verification

To ensure the reliability of the constructed dataset,
we employ a combination of automated validation
and manual verification for both Step 1 text gener-
ation and Step 2 multi-segment prompt annotation.

"https://openai. com/index/hello-gpt-40/
Zhttps://api-docs.deepseek.com/
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Language Category

Count

Duration(h)

Text Example

Emotion Sequence Example

Emotion Description Example

Emotional Dialogue

4,996

9.89

RERHH TR, OFifeE
R - = H5REEMHR
—%|, BESAERLEN -

Sad = Happy

BHRE, BRI, HE
REMZERE . > BERE
R, 1B LD, SEE DA
1R -

Chinese  Observational Phrase

4,989

10.00

R KECFEE, = AO
HEK LR -

Neutral = Angry

BWPE, EEET, A
BRI - = HENR,
FHRTHRE, FERIKET .

Vivid Description

4,980

10.05

LR FHEFE], = &
Wit R, = MPHTRER
If .

Surprised = Disgusted = Fearful

ERRIR L1, EHRR,
WEENE . > FEE
&, HERE, FHUL
FIHECE A . = EH R
ik IR%E, EEZE, HE
FEOUETEY -

Emotional Dialogue

5,034

9.79

‘What in the world is that? =
Ugh, it’s revolting. = Well, I
suppose it’s just another part
of life.

Surprised = Disgusted = Neutral

Voice rises sharply in pitch,
with a quick, breathy delivery.
= Tone is low, guttural, and
drawn out with a visceral re-
coil. = Pace evens out to a
calm, steady, and slightly re-
signed rhythm.

English
Observational Phrase

5,029

9.56

A heated debate burned
fiercely, each word adding
fuel, = until playful banter
extinguished the flames with
lighthearted ease.

Angry = Happy

Voice is sharp, intense, and
rapid, with a clipped, aggres-
sive edge. = Tone becomes
warm, relaxed, and lilting,
with a cheerful, flowing ca-
dence.

Vivid Description

5,029

9.85

A high-pitched scream pierced
his thoughts, = unraveling
into a soft sigh, weighted with
heartache and longing.

Fearful = Sad

Voice is sharp, tense, and sud-
den, with a quick, breathy
delivery. = Tone is slow,
breathy, and heavy, with a

drawn-out, mournful quality.

Total 30,057 59.14

Table 5: Dataset statistics and representative examples across languages and text categories.

At the automated level, we employ validation
scripts to enforce strict structural, semantic, and
distributional constraints. For Step 1 text genera-
tion, each sample is verified for valid JSON for-
matting and required fields, including the text con-
tent, text category, and emotion sequence. Specif-
ically, text length is constrained to 25-45 words
for English and 20-30 characters for Chinese texts,
and each emotion sequence is restricted to 2-3 seg-
ments drawn from a predefined set of 7 emotion
categories. To reduce redundancy, we remove ex-
act duplicates and filter near-duplicate texts using
similarity-based criteria computed from normal-
ized sequence-matching scores between token se-
quences, applying an overall similarity threshold of
0.85 and an opening similarity threshold of 0.5 over
the first few tokens, with similarity comparisons
primarily performed among samples sharing the
same emotion sequence. For Step 2 multi-segment
prompt annotation, automated checks enforce strict
alignment between the text and its associated emo-
tion annotations. Specifically, the number and or-
der of segments are required to exactly match the
predefined emotion sequence. Each segment must
include a valid emotion label, a non-empty natu-
ral language emotion description with constrained
length, and an estimated speaking duration falling

within a predefined range of 0.3-8.0 seconds.

Beyond automated filtering, we conduct man-
ual verification through stratified random sampling
of the validated outputs. In total, 1,000 samples
are randomly selected for human review, compris-
ing 500 English and 500 Chinese samples. The
sampling process is stratified by language, text
category, and the number of emotion segments
to ensure broad coverage across diverse data con-
ditions. Human reviewers then examine segmen-
tation boundaries, emotion-text alignment, vocal-
affect descriptions, and the plausibility of estimated
speaking durations to identify subtle issues that
may escape rule-based automatic checks. Insights
obtained from this process are used to iteratively
refine prompting strategies and validation thresh-
olds. The manual verification checklist applied in
Step 1 and Step 2 is provided in List 3.

A.3 Dataset Statistics and Distribution

We summarize the statistics and distribution of
the MED-TTS dataset across languages, text cat-
egories, and emotion segments. As illustrated in
Fig. 3a, the dataset is well balanced across lan-
guages, comprising 14,965 Chinese and 15,092
English samples. Within each language, samples
are further evenly distributed across three text cate-
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gories (vivid descriptions, emotional dialogues, and
observational phrases), each contributing approx-
imately 5,000 utterances. A finer-grained break-
down reveals that, within every text category, ut-
terances containing three emotion segments consis-
tently outnumber those with two emotion segments
(e.g., roughly 4,100 vs. 800 per category), reflect-
ing a deliberate emphasis on richer intra-utterance
emotional transitions. Fig. 3b presents the segment-
level emotion statistics. Across both Chinese and
English, the 7 emotion types are uniformly repre-
sented, with each emotion accounting for approx-
imately 1,200 segments. The average segment
length remains stable within each language but
differs across languages, with Chinese emotional
segments typically spanning about 24-26 charac-
ters, while English segments are longer on average,
ranging from roughly 34-39 words depending on
emotion. Overall, MED-TTS achieves structured
balance across languages, text categories, and emo-
tion types, while maintaining sufficient emphasis
on multi-emotion utterances to support modeling
of continuous intra-utterance transitions.

As illustrated in Tab. 5, we further provide rep-
resentative examples from the MED-TTS dataset
across the three text categories for both Chinese and
English. For each language-category pair, the table
reports the sample count and total duration, along
with illustrative text examples, corresponding emo-
tion sequences, and natural language emotion de-
scriptions. These examples demonstrate that each
category consistently includes high-quality sam-
ples with different numbers of emotion segments,
highlighting the dataset’s coverage of diverse con-
tent types and intra-utterance emotional structures
across different languages.

A.4 Fine-tuning Details

To enable automatic construction of segment-level
TTS prompts, we fine-tune the Qwen3-8B large lan-
guage model via supervised instruction tuning with
parameter-efficient adaptation. We adopt LoRA
to update only low-rank adapters while keeping
the backbone frozen, thereby preserving general
linguistic capabilities. Specifically, fine-tuning is
carried out using the SFT-Trainer framework, with
LoRA adapters applied to the attention and feed-
forward projection layers, using a rank of 32, a scal-
ing factor of 64, and a dropout rate of 0.1. Training
is performed for 4 epochs with a per-device batch
size of 2 and gradient accumulation over 4 steps,
yielding an effective batch size of 8. We use a learn-

ing rate of 1 x 10~ with a linear warmup of 100
steps and enable mixed-precision FP16 training for
efficiency.

B Segment-Aware Emotion Conditioning

This section provides a brief explanation of the
symbols and steps used in Alg. 1.

Inputs and outputs. x = {z1,x2,...,z7} de-
notes the source text token sequence of length 7.
b = {b1,ba,...,by} are segment boundaries on
the text timeline, where M is the number of seg-
ments. C = {Cy,Cay,...,C} are the segment-
wise condition embeddings (e.g., emotion/style
prompts), and each condition may correspond to
a short token span of length L in the decoder in-
put. The algorithm autoregressively generates a
semantic token stream s = {s1, $2,...SN}.

Segment index arrays. seg,[t] is the segment
id assigned to the ¢-th text token x; according to
the boundaries. segg|i] stores the segment id used
when generating the ¢-th semantic token s;. The
scalar m denotes the index of the currently active
segment during decoding and determines which
condition embedding is visible to the current gen-
eration step.

Step 1: Direct construction of the 2D additive-
bias mask M;. At decoding step i, the decoder
input is organized as a single concatenated token
list: first all segment conditions, then the full text
tokens, and finally the already-generated semantic
tokens. Accordingly, the total query/key length
isq = M xLc 4+ T + 7. We directly build an
additive-bias mask M; € R?*9, where each entry
is either O (visible) or —oo (masked). Compared to
the previous block-matrix presentation, this version
writes all constraints as in-place updates on M;
with explicit offsets for the condition/text/semantic
regions.

» Standard causal visibility. We first initialize
M; and apply a standard causal mask so that
each query token can only attend to itself and
earlier tokens in the concatenated sequence.
This ensures autoregressive consistency for
semantic generation.

* Text-to-condition visibility (segment-local
control). For each text token x;, we overwrite
its attention row to the condition region so that
x¢ can only see the condition tokens belonging
to its own segment. Concretely, the entire
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Figure 7: Visualization of the final attention mask under varying numbers of segment conditions (M).

condition region is masked out for that row,
then only the span corresponding to Cgeg [
is unmasked. This prevents text tokens in one
segment from reading condition prompts from
other segments.

* Semantic-to-condition visibility (segment-
local control). Similarly, for each previ-
ously generated semantic token s,, we re-
strict its visibility to the condition region to be
segment-local. The semantic token can only
attend to the condition tokens of the segment
recorded in segg[r|. This enforces that past
semantic tokens do not leak information from
conditions of unrelated segments.

¢ Condition-to-condition isolation (no cross-
condition leakage). Condition tokens are not
allowed to exchange information across dif-
ferent segments. We therefore mask each con-
dition block’s attention to all other condition
blocks, keeping only the within-block (diago-
nal) visibility. This makes each segment con-
dition self-contained while still allowing the
overall model to read text/semantic context
under the global causal structure.

Step 2: One-step decoding and attention ob-
servation. Given M, the decoder performs one
autoregressive step to produce the next semantic
token s;. During the same forward pass, it also
returns the raw attention maps A; used as an on-
line alignment observation. After generation, we
append s; to s and record segg[i] < m.

Step 3: Monotonic Stream Alignment (MSA).
MSA tracks where the semantic stream is aligned
on the text in an online manner. It maintains a
posterior belief over text positions and advances
it with a monotonic prior transition to encourage
forward progression. From the returned attentions
A, the algorithm selects a single layer/head whose

attention pattern best matches the prior, option-
ally smooths it to reduce noise, and fuses it with
the prior to obtain a stable posterior belief for the
current step. In our implementation, the transi-
tion factor in P is set to p = 0.1, and a Gaussian
smoothing function G, with o = 1.2 is applied.

Step 4: Segment switching. The active segment
index m is updated by monitoring the expected
aligned text position under the current posterior be-
lief. Once this expected position passes the bound-
ary of the current segment, we increment m to
trigger an emotion/style switch for subsequent se-
mantic tokens. Overall, this mechanism enforces
segment-local control through restricted condition
visibility, while preserving global coherence via
standard causal decoding and online monotonic
alignment.

Mask visualization. Fig. 7 illustrates the re-
sulting mask pattern produced by the direct in-
place construction in Step 1 when the utterance
is partitioned into different numbers of segments
(M=2,3,4,5). Each panel shows how the condi-
tion token blocks, text tokens, and semantic tokens
are jointly constrained by (i) the global causal struc-
ture and (ii) the segment-local condition visibility.
As M increases, the condition region is divided
into more isolated blocks, and each text/semantic
token is restricted to attend only to the condition
block of its assigned (or currently active) segment.
This visualization helps verify that the mask en-
forces local emotion/style control without allowing
cross-condition leakage across segments.

C Segment-Aware Duration Steering

In practice, segment-aware duration steering is im-
plemented as two lightweight inference-time con-
trollers that operate entirely on semantic token
counts and alignment signals. For local duration
steering, a proportional controller described in Sec-
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tion 3.3 performs online correction by comparing
the normalized semantic generation progress within
the active segment to the normalized text progress
obtained from the MSA algorithm. The correc-
tion is applied with gain k, = 25.0, which de-
termines the sensitivity of duration adjustment to
progress mismatch, and is triggered only when the
absolute progress error exceeds ¢ = 0.01, thereby
preventing unnecessary updates caused by minor
alignment fluctuations. To ensure stability, updates
are performed at a fixed low frequency of one up-
date every five decoding steps, and the per-update
adjustment is clamped to a maximum magnitude
of Anax = 10 semantic tokens to avoid abrupt
changes in generation pace. In addition, the effec-
tive target is constrained by adaptive lower bounds
tied to the current global decoding cursor, with con-
servative and emergency regimes activated when
the generated length exceeds 1.2x and 1.5x the
planned segment budget, respectively, serving as a
safeguard against uncontrolled over-generation.

For global EOS steering, an EOS controller is
added to the logits processor list, where EOS log-
its are fully suppressed for all non-final segments,
while being dynamically adjusted in the final seg-
ment based on the ratio between generated seman-
tic tokens and the target semantic budget. Specif-
ically, EOS is strongly suppressed when the ratio
is below 0.5, gradually transitions to a neutral re-
gion over the interval [0.8, 1.1], and is increasingly
encouraged as the ratio approaches 1.2, with the
applied bias bounded between —5.0 and +15.0.
These fixed hyperparameters were selected empiri-
cally and remain constant across all experiments,
enabling robust intra-utterance duration control
without modifying or retraining the underlying TTS
model.

D Ablation Models Implementation

D.1 Emotion and Duration Control

In the segment-aware emotion conditioning part of
Tab. 3, we compare our method with the following
two ablated variants:

* w/o full-text access: In this variant, each seg-
ment condition can only attend to the local text
tokens within its own segment, rather than the
full text.

¢ w/o alignment: In this variant, we remove
any alignment module and generate semantic

tokens by randomly switching phases through
a fixed probability at each step.

For the segment-aware duration steering part of
Tab. 3, we further evaluate two ablated variants
to analyze the contributions of local and global
steering mechanisms:

* w/o local steering: In this variant, the lo-
cal duration steering module is disabled, and
segment-level pacing relies solely on the base-
line duration embedding, while the global
EOS control mechanism is retained.

* w/o global EOS: In this variant, the global
EOS logit modulation is disabled, while the
local duration steering module remains active.

D.2 Monotonic Stream Alignment Evaluation

In Fig. 5, we compare our MSA method with the
following ablated variants:

* Max Attention Head + Greedy Monotonic
Alignment: In this variant, we replace our
MSA with a deterministic heuristic. We firstly
compute a score for each raw attention maps
across all layers and heads through F(:h) =
+ ZtT:1 Agfgh), where T is the length of text
tokens and ¢ is the text position. The optimal
attention map (I*, h*) is selected as the obser-
vation by the maximum score. For the update
step, we restrict a monotonic constraint and
simplify the posterior 7; to a one-hot vector,
representing a hard alignment state. Let k
be the active index at the previous step, i.e.,
7i—1(k) = 1, and the update rule follows a
greedy local comparison between the current
position k£ and the next position k£ + 1. The
new belief is determined as:

(L,h)

m

mi(t) =1 [t = argmax A;0 7, (4

me{k,k+1}

where 1[] is the indicator function.

* Top-k Attention Heads + Greedy Mono-
tonic Alignment: In this variant, we extend
the previous method by selecting the top-k at-
tention heads as observations. Specifically, we
first compute the scores F &) for all attention
maps and select the top-k heads with the high-
est scores. The observation is then derived as
a weighted average of these selected attention
maps based on their scores. The greedy mono-
tonic alignment update remains the same as
above.
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* Max Attention Head + Monotonic Stream
Alignment: In this variant, we retain align-
ment updates using our MSA algorithm. We
replace the observation component by select-
ing a single attention head with the maximum
score as described above, and get rid of the
smoothing operation.

E Evaluation Protocol

E.1 Baseline and Comparative models

Baseline. IndexTTS23 (Zhou et al., 2025) is an
autoregressive zero-shot TTS model that supports
utterance-level control of emotion and speech du-
ration while maintaining high speech naturalness.
It disentangles speaker identity from emotional ex-
pression, enabling faithful reconstruction of target
timbre and accurate reproduction of the specified
emotional style. By incorporating GPT-based la-
tent representations, the model further improves
semantic consistency and stability under expres-
sive conditions.

We also adopt several strong zero-shot TTS as
our comparative methods:

* MaskGCT* (Wang et al., 2025c¢) is a non-
autoregressive TTS model that a masked gen-
erative transformer to predict semantic and
acoustic tokens, functioned with duration con-
trol. By leveraging two-stage mask prediction
mechanism, it achieves high fidelity and ro-
bust voice synthesis.

e FSTTS’ (Chen et al., 2025) is a non-
autoregressive TTS system based on Diffu-
sion Transformer (DiT). It eliminates explicit
alignment by padding text to speech length.
Trained on 100k hours of data, it employs
Sway Sampling to achieve efficient, high-
quality zero-shot multilingual synthesis.

 SparkTTS® (Wang et al., 2025b) is a power-
ful TTS system built upon Qwen2.5, which di-
rectly reconstructs audio from LLM-predicted
codes and eliminates the need for complex
intermediate models like flow matching. It
excels in high-fidelity zero-shot voice cloning
for bilingual scenarios while maintaining high
efficiency.

Shttps://github.com/index-tts/index-tts
*https://github.com/open-mmlab/Amphion/tree/
main/models/tts/maskgct
Shttps://github.com/SWivid/F5-TTS
https://github.com/SparkAudio/Spark-TTS

* CosyVoice2’ (Du et al., 2024b) is an autore-
gressive TTS model that combines a language
model for semantic and prosodic modeling
with flow matching for speaker identity recon-
struction, utilizing a supervised speech tok-
enizer to achieve disentangled generation. No-
tably, it demonstrates superior performance in
Chinese compared to English due to its train-
ing data distribution.

Our baseline and comparative models adopt a
consistent segment-wise inference strategy. Each
sentence is partitioned into multiple segments
based on target emotions and speaking rates gener-
ated by our fine-tuned LLLM. These segments are
generated individually among these models and se-
quentially assembled to reconstruct the complete
utterance for evaluation. All baseline and compar-
ative models are implemented using their official
open-source codebases and pretrained weights.

E.2 Subjective Evaluation

We conduct a subjective Mean Opinion Score
(MOS) evaluation focusing on four key dimensions:
emotion consistency, speaking rate consistency,
speaker similarity, and emotional transition smooth-
ness. Participants were provided with explicit scor-
ing criteria, and we report the mean scores along
with 95% confidence intervals (CI) in Tab.1 and
Tab.2. The evaluation involved 15 graduate stu-
dents with relevant research backgrounds. Prior
to the evaluation, participants were provided with
detailed task protocols and informed of the spe-
cific usage of the data. Each participant evaluated
18 test samples (9 Chinese and 9 English) under
different settings, with the entire session lasting ap-
proximately 40 minutes. Scores ranged from 1 to
5 with 1-point intervals. Each participant received
compensation of 15 SGD for their participation.
The user interface for MOS evaluation is illustrated
in Fig. 9.

E.3 Objective Evaluation

Our objective evaluation encompasses several met-
rics to assess various aspects of speech synthesis
quality and controllability. Character accuracy is
measured using an automatic speech recognition
(ASR) model through comparison with ground-
truth transcriptions. For English audio evaluation,
we employ a Whisper Large V3 (Radford et al.,

7https://github.com/FunAudioLLM/CosyVoice?tab=
readme-ov-file
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2023) ASR model to calculate Word Error Rate
(WER)3, while for Chinese audio, we utilize a
Paraformer (Gao et al., 2022) ASR model to cal-
culate Character Error Rate (CER) for Chinese to
quantify transcription accuracy®.

To evaluate the smoothness of transitions in both
emotion and speaking rate, we adopt the DNSMOS
Pro'® (Cumlin et al., 2024), referred as DNSM.
It is calculated by averaging the predicted MOS
values obtained from a sliding window (2-second
duration, 1-second stride) applied across the full
utterance. Speaker similarity is assessed using
fine-tuned WavLM-Large (Chen et al., 2022) for
speaker verification!! to extract speaker embed-
dings from synthesized and reference audios, fol-
lowed by computing the cosine similarity, denoted
as SSIM. We report the average scores of the two
metrics: the similarity between the synthesized and
reference audios, and the intra-utterance consis-
tency measured across all segment pairs obtained
via ASR-based segmentation within the generated
speech.

For speech naturalness evaluation, we utilize
NISQA!? (Mittag et al., 2021) and OVRL from
DNSMOS'? (Reddy et al., 2022) for overall quality
of a synthesized sequence. Both of them are evalu-
ated through the entire utterance without segmen-
tation. The emotional expression accuracy is mea-
sured through extracting segment-level emotional
embeddings from ASR-segmented audio clips us-
ing a pre-trained speech emotion recognition model
ernotion2vec—large14 (Ma et al., 2024). We calcu-
late the cosine similarity between synthesized and
reference audios for in speech prompt settings, and
utilize classification accuracy over 5 discrete emo-
tional labels for text prompt settings.

E.4 Experimental Result Supplements

Emotion-Specific Control Evaluation. We pro-
vide detailed experimental results for the emo-
tional similarity across five discrete categories (An-
gry, Happy, Neutral, Sad, Surprise). Our results

8https://huggingface.co/openai/
whisper-large-v3
ghttps://huggingface.co/funasr/paraformer—zh
Yhttps://github.com/fcumlin/DNSMOSPro
"https://github.com/microsoft/UniSpeech/tree/
main/downstreams/speaker_verification
12https://github.com/gabrielmittag/NISQA
Bhttps://github.com/microsoft/DNS-Challenge/
tree/master/DNSMOS
14https://huggingface.co/emotion2vec/
emotion2vec_plus_large

English Chinese
10
Ours.
FSTTS
0.8 CosyVoice2

Emo2vec Score
o e >

=4

Angry Happy Neutral ~Sad  Surprise  Angry Happy Neutral — Sad  Surprise

Emotion Category

Figure 8: Comparison of Emo2Vec similarity scores
across languages for five emotion categories. Our
method is compared with FSTTS(Chen et al., 2025)
and CosyVoice2(Du et al., 2024b).

are shown in Fig. 8, highlighting distinct perfor-
mance patterns across different input modalities.
Our method demonstrates robust emotional fidelity,
achieving emotional similarity scores that closely
approach those of comparative methods. It’s worth
emphasizing that while other methods could only
generate single emotion clips where the global style
is constant, our method generates continuous and
multi-segment sequences with transitioning emo-
tions. Despite the difficulty of modeling such dy-
namic emotional control, our model still maintains
high emotional similarity, and even superior perfor-
mance in certain categories such as Angry and Sad,
proving its effectiveness in generating complex and
varying prosody.
Category-Specific Emotion Control Evaluation.
Tab. 6 extends our evaluation to three distinct syn-
thesis scenarios in our dataset: Emotional Dialogue,
Observational Phrase, and Vivid Description. Our
method demonstrates a consistent advantage in
audio quality, achieving the highest NISQA and
OVRL scores in almost all settings. It also excels
in naturalness of emotional transitions, as reflected
by the DNSM metric, where our method consis-
tently outperforms all methods across different text
categories and input modalities. This further con-
firms that our segment-aware generation effectively
maintains naturalistic acoustic synthesis even when
handling complex emotional transitions.
Nevertheless, we observe that our method still
faces challenges in speaker similarity in certain
scenarios. In the text prompt setting, our method
lags behind CosyVoice2 in Emotional Dialogue,
where the generated sentences often contain exten-
sive emotionally charged and oral conversational
elements, such as modal particles and emphatic
punctuation. In this scenario, our method and
baseline prioritize the expressive prosody, which

23502


https://huggingface.co/openai/whisper-large-v3
https://huggingface.co/openai/whisper-large-v3
https://huggingface.co/funasr/paraformer-zh
https://github.com/fcumlin/DNSMOSPro
https://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_verification
https://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_verification
https://github.com/gabrielmittag/NISQA
https://github.com/microsoft/DNS-Challenge/tree/master/DNSMOS
https://github.com/microsoft/DNS-Challenge/tree/master/DNSMOS
https://huggingface.co/emotion2vec/emotion2vec_plus_large
https://huggingface.co/emotion2vec/emotion2vec_plus_large

Prompt Category Method WER| DNSM1 SSIMT NISQAT OVRLT Emo2vect
MaskGCT 1.978 3.757 0.331 4.375 3.266 0.862
Emotional Dialogue =~ CosyVoice  0.459 3.570 0.394 4.403 3.321 0.822
Ours 5.462 3.839 0.442 4.670 3.372 0.811
0 MaskGCT  4.468 3.849 0.352 4518 3.277 0.854
Speech  Gpcervational Phrase  CosyVoice 1021 3.567 0410 4.515 3.333 0.844
Ours 0.834 3.903 0.491 4.710 3.418 0.848
MaskGCT 3.612 3.866 0.377 4.463 3.267 0.831
Vivid Description CosyVoice  0.834 3.621 0.443 4.535 3.313 0.826
Ours 1.085 3.940 0.508 4.636 3.391 0.836
CosyVoice  0.956 3.450 0.473 4.336 3.294 0.369
Emotional Dialogue  IndexTTS2  4.059 3.506 0.399 4.201 3.194 0.596
Ours 5.996 3.634 0.387 4.515 3.324 0.468
CosyVoice  2.582 3.464 0.435 4.385 3.294 0.270
Text Observational Phrase  IndexTTS2  0.747 3.531 0.436 4.316 3.220 0.416
Ours 1.104 3.657 0.477 4.606 3.327 0.381
Cosy Voice 1.631 3.483 0.437 4.373 3.284 0.289
Vivid Description IndexTTS2  1.442 3.511 0.450 4.353 3.235 0.489
Ours 0.756 3.762 0.486 4.644 3.372 0.393

Table 6: Objective evaluation results on English Speech and Text inputs across different text categories. | indicates
that lower values are better, while 1 indicates that higher values are better. Best results are bolded.

Method DNSMt

3.925
3.901
3.878
3.907

SSIM? NISQAT OVRLT Emo2vect

0.485 4.706 3.395 0.837
0.443 4.683 3.372 0.803
0.442 4.702 3.383 0.815
0.462 4.697 3.393 0.828

Ours

Max Head + Greedy
Top-k + Greedy
Max Head + MSA

Table 7: Objective Comparison of Different Alignment
Strategies. 1 indicates that higher values are better. Best
results are bolded.

may lead to deviations from the target speaker’s
timbre. While CosyVoice2 keeps a more stable
and consistent prosody during generation, and pre-
serves speaker identity, it fails to convey the in-
tended emotional expressions. This highlights the
inherent trade-off between emotional expressive-
ness and speaker fidelity in zero-shot TTS, espe-
cially when generating highly dynamic prosody
from text alone.

MSA Ablation Studies. We further validate the
effectiveness of our proposed Monotonic Stream
Alignment (MSA) in Tab. 7. We compare our MSA-
based alignment strategy against several variants
illustrated in Appendix D.2. These protocols are
the same as those in Fig. 5. The results show that re-
placing our MSA with greedy monotonic alignment
leads to noticeable performance drops across all
metrics, indicating that the MSA mechanism is cru-
cial not just for text-audio synchronization, but also
for stabilizing the emotional contents. Through
maintaining a robust posterior belief of the current

position, MAS prevents the model from drifting
off the complex segment boundaries, thereby en-
suring the naturalness and coherence of emotional
transitions. Notably, even without the full MSA
mechanism, these ablation variants still maintain
relatively high performance levels. This suggests
that synthesizing speech containing multiple com-
plex emotions in a single continuous streaming pro-
cess, rather than generating each segment indepen-
dently, inherently preserves semantic and acoustic
coherence, which benefits the overall quality of the
generated speech.
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Role:
You are an expert creative screenwriter and emotional expression specialist.
Your task is to generate high-quality text utterances for text-to-speech synthesis evaluation.

Task:

Given an ordered emotion sequence, generate a single-sentence text utterance that reflects
the emotional journey described by the sequence.

The text should naturally transition through these emotions in order.

Emotion Sequence:
1. ${Emotion_1}$
2. ${Emotion_23}$
3. ${Emotion_3}$

Requirements:

1. Text Utterance:

- Length: 15-25 words (corresponding to 5-10 seconds of speech).

- The text MUST contain all emotions in the given sequence, each clearly identifiable.

- Emotional transitions MUST be conveyed through changes in language tone, imagery, internal
reactions, or perspective.

- CRITICAL: Do NOT use explicit temporal markers such as "then"”,
first”, "later”, "next”, "suddenly”, or "finally".

- The sentence must be semantically coherent and flow naturally as a single utterance.

- Avoid clich\’ed or overused expressions, especially as opening phrases.

- The opening MUST be unique and creative; avoid common narrative patterns.

n n

now", "afterward”, "at

2. Text Category Constraint:

${

- vivid_descriptive: Vivid descriptive sentences (novel prose style). Example: "Wind whispered
through the parched cornstalks, its voice fraying like worn silk." |

- emotional_dialogue: Emotionally charged dialogue excerpts (natural spoken lines). Example:
"I’ve asked you three times! Why is the door still locked?" |

- observational_phrase: Observational phrases (subtle situational commentary). Example: "Rain
taps the window like it’s bruising the glass-rhythmic, insistent, all night.”

)$

3. Output Format:
Provide your response in the following JSON structure ONLY:

{
"text": "<generated single-sentence utterance>",
"text_category”: "${text_category: vivid_descriptive | emotional_dialogue |
observational_phrase}$”
}
Examples:
Example 1
${Example:

Vivid Descriptive
Input Emotion Sequence:

1. Happy

2. Surprised

3. Sad

Output:

{
"text": "Warm light drifts around me, a sudden sharp gust jolts the calm,

and a muted heaviness settles quietly over my thoughts.",

"text_category”: "vivid_descriptive”

3

1%

Now generate a text utterance for the given emotion sequence.

Listing 1: Example prompt for generating content text with emotion shifts using GPT-4o.
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Role:

You are an expert linguistic annotator specialized in emotional prosody for TTS datasets.

Your task is to segment the given sentence into emotion-aligned segments while preserving the exact
original wording.

Task:

Segment the following text into contiguous spans that correspond to the emotions in the sequence.
Each segment must represent a natural linguistic unit and reflect its assigned emotion

through tone, sensory cues, or attitude-NOT through explicit time markers.

Input Text:
${Original text generated in Step-13}$%

Emotion Sequence:
1. ${Emotion_1}$
2. ${Emotion_23}$
3. ${Emotion_3}$

Requirements:

1. Segmentation Rules:
- Produce EXACTLY the same number of segments as emotions in the sequence.
- CRITICAL: Segments MUST correspond to the emotion sequence IN ORDER.
The first segment maps to the first emotion, the second to the second emotion, etc.
- Each segment MUST be a continuous span from the original text.
Do NOT rewrite, reorder, omit, or add any words.
- All punctuation marks from the original text MUST be preserved in their exact positions.
- The concatenation of all segments MUST reconstruct the original text exactly.
- Segment boundaries should align with natural linguistic or prosodic boundaries
(e.g., phrase or clause boundaries). Do NOT split inside tight phrases.

2. Emotion Description (for TTS prosody reference):
- Provide a short vocal-affect description (5-15 words) focusing on auditory qualities.
- The description should focus on auditory characteristics (e.g., pitch,
intensity, pacing), not on events or semantics.
- The description MUST align with the assigned emotion.

3. Speaking Time Estimation:

- Estimate speaking duration in seconds using the guideline:
0.18-0.30 seconds per word as a baseline.

- The estimated duration should also reflect the emotional tone of the segment, as different
emotions naturally influence speaking pace (e.g., excited or tense delivery tends to be
quicker, while somber or reflective delivery tends to slow down).

- The final time MUST be a realistic approximation of how the segment would be delivered aloud.

- IMPORTANT: The sum of all segment durations MUST fall within 5-13 seconds.

- Output time values as decimal strings (e.g., "2.4").

Output Format (JSON ONLY):

{
"original_text"”: "${original input text}$"”,
"segments”: [

{
"lines_seg": "<text segment>",
"emotion”: "<emotion label from the sequence>",
"emotion_description”: "<vocal-affect description>",
"time": "<estimated speaking time in seconds>"
}!
]
}
Example:

Now generate the segmentation for the given input text and emotion sequence.

Listing 2: Example prompt for emotion-aligned segmentation and duration annotation using DeepSeek-Chat.
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Manual Review Checklist (total 1,000 samples: 500 EN / 500 ZH)

[Step 1] Content Text Generation

- Text validity:
the text is complete, fluent, and natural, without obvious truncation, repetition, or unfinished
clauses (typically a single well-formed sentence).
- Length appropriateness:
text length falls within the intended range (EN: 15-25 words; ZH: 15-3@ characters), and does
not appear unnaturally compressed or padded to meet length requirements.
- Semantic coherence:
the text conveys a single coherent idea or situation, rather than a loose collection of phrases
or unrelated clauses.
- Category consistency:
the assigned text category matches the content style (vivid descriptive / emotional dialogue /
observational phrase), with category cues clearly identifiable within the text.
- Emotion sequence correctness:
the emotion sequence contains 2-3 valid emotions drawn from the predefined set, and all emotions
are meaningfully reflected somewhere in the text.
- Emotion progression naturalness:
emotional transitions implied by the text occur in a plausible order, without abrupt or
logically unsupported emotion jumps.
- Language quality:
the text does not contain obvious grammatical errors, unnatural phrasing, or machine-like
constructions that would hinder natural speech rendering.

[Step 2] Multi-segment Prompt Annotation

- Segmentation boundaries:
segment splits occur at natural linguistic or prosodic boundaries, such as phrase or clause
breaks, and avoid splitting fixed expressions or tight collocations.
- Emotion-text alignment:
the semantic content of each segment clearly supports its assigned emotion, and the intended
emotion is perceivable without relying on the description.
- Vocal-affect specificity:
emotion description includes concrete auditory cues (e.g., energy level, pitch tendency,
speaking rate, intensity) rather than abstract emotion names.
- Description naturalness:
emotion description reads as a natural speaking instruction and typically spans one short phrase
or sentence, rather than a list of keywords.
- Duration plausibility:
estimated speaking durations are reasonable given segment length and linguistic complexity, and
fall within the expected range of 0.3-8.0 seconds per segment.
- Duration consistency:
duration differences across segments reflect intuitive pacing differences, such as faster
delivery for excited emotions and slower delivery for calm or reflective ones.
- Coverage consistency:
concatenated segment texts fully reconstruct the original text, with no missing, duplicated, or
reordered content.

Manual Review Protocol

- Reviewers:
all sampled items are independently inspected by at least two reviewers, covering both English
and Chinese samples.
- Disagreement handling:
cases with inconsistent judgments are discussed and resolved through consensus review, and
recurring issues are recorded for prompt or rule refinement.

Listing 3: Manual verification checklist used in our human review process for Step 1 and Step 2 outputs.
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Algorithm 1: Segment-Aware Emotion Conditioning with Monotonic Stream Alignment (MSA)

® N U A W o -

21

22
23
24
25

26
27
28
29

30
31
32

33

34

35

36

37
38
39
40

Input :Texttokens x = {z1,z2,...,z7}, segment boundaries b = {b1, bo, . .

C={Cy,Cy,...,Cum}
Output : Generated semantic tokens s = {s1,82,...,Sn}
// Compute segment id for text tokens seg,[1..T]:
fort < 1toT do
| segyft] 1+ XM It > b
end

., bar }, condition embeddings

Initialize seg, « [] // store segment id for each generated semantic token

Initialize semantic index 4 < 0, segment index m < 1,s < ()
Initialize posterior alignment belief 7o € R” (one-hot at ¢ = 1)
while not EndOfSentence do
14141
// 1) Build 2D additive-bias offset mask directly on M;
q+ M X Lc+T+1
Mi <= (=00) - Lig)x(q)
// 1.1) Standard causal mask
for u < 1to gdo
for v < 1 to u do
| Miu,v] <0
end

end

off < M x L¢

fort < 1to 7T do

Miloff +¢, 0: M x L¢] < —o0

Miloff +t, Lo X (segy[t] — 1) : Lo X segy[t]] < 0

end

off « M X Lc +T

forr < 1to:—1do

Mi[off—i-r,O:MXLc](——OO

M;loff +r, Lo % (segg[r] — 1) : Lo X segg[r]] < 0

end

for u <+ 1to M do
Mi[(u—l)XLc:uXLc,O:MXLc](——OO
M;i[(u—1)x Le:uxLe, (u—1) X Lg:uxX Le]l 0

end

(siy Ay) fg“"de’“mp(x, s<i, {C; ‘ﬁh M, return_attn = True)
s+ {s, si}

segg[i] < m

// 3) MSA: Predict-Select-Update

fl’i —mi_1-P

(I*,h*) + argmax, , #; log(AEl’h))
a* « G, (A(l*,h*))

T — (7}1 @a*) /Z

// 4) Segment switching via expected aligned position
if m < M and Zf:l t-7;[t] > b then

| mem+1
end

end
return s

// #Q tokens: [Ci:ar,Z1:7, S1:4]

// 1.2) x => C: Text tokens to condition embeddings (segment-local condition visibility)

// 1.3) S -> C: Semantic tokens to condition embeddings (segment-local condition visibility)

// 1.4) C -> C: Condition embeddings to condition embeddings (no cross-condition leakage)

// 2) Decode one step with mask and get raw attentions as observation

// Predict (Prior)

// Select (Observation)

// Update (Posterior)

// Trigger emotion switch
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Section 1.1: Speech-Reference Assessment
(18 questions)

reference, stietly adhering to the scoring criteria below:

1. SpeakerMOS (Speaker Similarity)

Assessment of ho der
5 (Excellent): Nearly indistinguishable from the target speaker.

4 (Good: Timbre is very close o the farget.
3 (Fain): Largely similar, with minor pron

2 (Poor): Vague resemblance but clearly different.

1 (Bad): Completely different imbre or identity.

Note: All by 3

this metic.

ion differences.

io by comparing it against the

(Question 1/18) i i i
1. Generated Audi

> 000/010 —— o i

[Emotion Sequence: Angry -> Happy -> Neutral]

[Text: ine again! | But,seeing your efforts brightens my day. | Let 1
[Note: The ‘I symbol separates segments with different emotions.]

2. Reference Audio:

Angry:

> 000/002 m—— W) }
identity of the

gt speak . Do not judge similarity by matchi peal i !

2. NaturalnessMOS (Smoothness & Transitions)
Assessment of the speech's 1

5 (Excellent): Seamless transitions with perfectly natural flow.
4 (Good): Smooth and fluent transitions.

3 (Fair): Mostly natural, with slight discontinuities

2 (Poor): Unnatural and abrupt transitions.

1 (Bad): Highly unnatural with noticeable breaks.

in this metic.

Happy:
> 000/001 ———— W i
Neutral

> 000/008 ———— @ i

1(Bad) 2(Poor) 3 (Fai) 4 (Good)
Emotional Similarity(Between the Generated &

fonal Similari Reference Audio) O ) o
3-EmoMOS (Emotional Similarity) Speaker Similarity (Between the Generated &
Assessment of how well the synthesized emotion aligns with the reference. Reference Audio, nclude tmbre consistency o o o o
5 (Excellent): Compltely aligned. strong, and accurate across segments) - - -
(Goody: Higly consistent with only subde ifferences Naturalness (Smoothness & Transitions of the
3 (Fair): Generally aligned but with minor deviations. Generated Audio, including inter-segment and o 1) o o
2 (Poor): Direcionally similar but clearly different intra-segment naturalness)
1 (Bad): Completely mismatched and inconsistent.
‘L
Note: y pas again
Next ~|
Section 12: Text-Reference Assessment on
© questions) 1. Generated Audio
Inthi section, the synthesized audi " o ref di generated audio by comparing it
trictly adhering to the > 000/008 —— o i
1. SpeakerMOS (Speaker Similarity) {Emotion Sequence: Disgusted -> Surprised - Happy]
the targe sponkc' 4 this metic. [Text: Ugh, Wait, Kitchen']
5 (Excellent): Nearly indistinguishabl from the target speaker.
4 (Good): Timbre is very close to the target. 2 Reference Text
3 (Fair): Largely similar, with minor pronunciation differences. m
2 (Poor): Vague resemblance but clearly different. "segment": "Ugh, what s that smell? ",
1 (Bad): Completely different timbre or denity. emotion": “Disgusted”,
Note: All Ken by y,you should the dentity O ~cmogio_descipion’: "Th voic s tense nd shap, with acear not o dispeasure.”
the target speaker as a whole. Do not. y peaker ified and o
ther than
"segment" "Wait is it chocolate cake baking? *,
2. NaturalnessMOS (Smoothness & Transitions) emotion": “Surprised",
speechs natural of arifacts, be considered in this metric. emotion_description": "The tone is quick and lifted, capturing sudden curiosity."
5 (Excellent: Seamless transitions with perfectly natural flow. @
4 (Good:Smooth and fluent rasiions. “scgment: "Oh wow, i eminds me of Grandma's Kichen!”,
3 (Fain): Mostly natural, with slight discontinities emotion": Hy
2 (Poor): Unnatural and abrupt transitons. b s .
| (Bad): Highly unnatural with nticcabl breaks. emotion_description' "The voice is warm and nostalgic, with a gentle, joyful cadence.
3. Reference Audio:
3. EmoMOS (Emotional Similarity) R 9 8
Assessment of how well the synthesized emotion aligns with the reference. :
5 (Excellent): Completely aligned, strong, and accurat.
4 (Good): Highly consistent with only sublle differences. 1(820) 2(poor) 3 (i) 4(co0d)
3 (Fain): Generally aligned but with minor deviations. Emotional Similarity(Between the Generated o . S .
2 (Poor): Directionally similar but clearly different. Audio & Reference Text) :
1 (Bad): Completely mismatched and inconsistent. Speaker Similarity (Between the Generated &
Reference Audio, include timbre consistency o 1) o o
Note: ilarize yourslf with proceding. This page will ot be s across segments)
Naturalness (Smoothness & Transitions of the
Generated Audio, including inter-segment and o ) o e]
Next ~ ‘ intra-segment naturalness)
Next
Section 2: Duration Assessment (Question 1/12)
(12 questions) 1.Original Audio:
timbre guide, with pecil
" ia below: > 000/008 o i
1. SpeakerMOS (Speaker Similarity) [Text poi Words could.]
Assessment of how closely the voice resembles the target speaker’ identiy i this meric. 2. pre : Applya 1
5 (Excellen): Nearly indistinguishable from the target speaker.
4 (Good): Timbre is very close o the targe. > O o B
3 (Fain): Largely similar, with minor pronunciation differences.
2 (Poon): Vague resemblance but clearly different 3 Reference Audio
1 (Bad): Completely different timbre or idenity.
> oc0/002 ©
2. NaturalnessMOS (Smoothness & Transitions)
ment of o arifucts. Both i i this metric. 1(8a0) 2(poor) 4(600)
5 (Excellen): Seamess transitions with perfectly natural low. Speaking Rata Matching (Betweon thi
peaking Rate Matching (Between the - -
 (Good): Smooth s fiaent transitios. Processed Audio and the Duration Target) o o
3 (Fai: Mosty natural, with slight discontinuiies. Speaker Similarity (Between the Generated &
2 (Poor): Unnatural and abrupt transitons. Reference Audio, include timbre consistency fe) e) e}
1 (Bad): Highly unnatural with noticeable breaks. across segments)
Naturalness (Smoothness & Transitions of the
3.SPMOS (Speaking Rate Matching) Generated Audio, including inter-segment and o [¢) o o
‘Atsessment of description. intra-segment naturainess)
5 (Excellen): Perfect match with the reference or description.
4 (Good): Close match with a natural thythm. Next ~
3 (Fain): Close o reference but with slight differences.
2 (Poon): Significantly deviates from the reference.
1 (Bad): Severely deviates (e 2. fastvs. slow).
Note: “This page will not be sh ing Rate Matching

N -

(c) Duration Control Evaluation

Figure 9: User interface for MOS evaluation across different evaluation tasks.
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5 (Bxcellent)

5 (Excellent)

5 (Excellent)



