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Abstract

While diffusion and flow-matching models
have advanced TTS, generating high-arousal
emotions remains a persistent challenge due
to the trade-off between stability and expres-
siveness. Existing systems often suffer from lin-
guistic collapse when pursuing high intensity or
fail to meet target emotional levels under stable
settings. In this work, we identify that standard
Gaussian initialization inevitably introduces a
neutral prosody bias, while uniform Classifier-
Free Guidance often distorts the acoustic man-
ifold, leading to artifacts. To address this,
we propose an inference framework that rec-
tifies the emotional trajectory. An Emotion-
Rectified Noise Prior injects a semantic gra-
dient at initialization to align sampling with
the target emotional manifold, and Likelihood-
Inverse Guidance adaptively schedules guid-
ance via a conditional/unconditional likelihood
ratio, strengthening guidance only when the tra-
jectory drifts toward a neutral fallback. Exten-
sive experiments demonstrate that our method
effectively resolves the stability bottleneck in
high-intensity scenarios, achieving superior lin-
guistic accuracy and emotional fidelity with-
out model retraining. Code is available at
https://github.com/MM-Speech/emo-tts.

1 Introduction

While text to speech models deliver near-human
naturalness for reading-style speech, they face
a persistent stability-expressiveness bottleneck
(Mehta et al., 2024; Zhou et al., 2025). Current sys-
tems excel at neutral prosody but often collapse lin-
guistically when attempting high-arousal emotions
such as screaming or sobbing. In this work, we sys-
tematically analyze this trade-off between stability
and expressiveness. Specifically, we conducted an
empirical evaluation using CosyVoice2 (Du et al.,
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Figure 1: The stability-expressiveness trade-off in high-
arousal TTS. We visualize the distribution of samples
generated by CosyVoice2 on the High-Intensity Emo-
tion Dataset. Due to the large scale of evaluation data,
we utilized Gemini 2.5 Pro as a proxy for human evalu-
ation to compute Emotion MOS (EMOS) and Overall
MOS (MOS).

2024b) on a high-intensity emotion dataset. As vi-
sualized in Figure 1, the results reveal a dilemma:

The majority of generated samples cluster in the
blue and green regions, exhibiting relatively low
Emotion MOS (EMOS), which indicates a failure
to meet the target intensity. Furthermore, among
the few samples that do achieve high arousal, a
significant portion suffers from quality degradation
(low MOS). Consequently, samples that achieve
an "Ideal Balance" (orange region) are extremely
scarce, highlighting the difficulty of maintaining
stability while pursuing expressiveness.

To address this dilemma, we begin by revisit-
ing the initialization of diffusion-based generation.
As recent studies reveal that initial noise encodes
implicit generative bias (Wang et al., 2024a; Yan
et al., 2025; Qi et al., 2024; Xie et al., 2025b; Mao
et al., 2024), standard isotropic Gaussian initializa-
tion inevitably misaligns with the sparse manifolds
of high-arousal emotions. Consequently, sampling
trajectories readily drift toward local optima asso-
ciated with neutral prosody. To optimize the ini-
tial noise toward the target manifold, we introduce
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Emotion-Rectified Noise Prior (ERNP). Rather
than starting from unconstrained noise, ERNP in-
jects a semantic gradient into the initial state. This
optimization explicitly steers the trajectory into
the basin of attraction of the desired emotional
manifold, enabling high-intensity expression while
reducing structural artifacts induced by trajectory
conflicts.

However, while rectified initialization secures
emotional intensity, maintaining pronunciation ac-
curacy under high arousal remains difficult. Tra-
ditional Classifier-Free Guidance (CFG) (Ho and
Salimans, 2022) relies on linear extrapolation; how-
ever, such global, uniform forcing often distorts the
acoustic manifold, leading to artifacts. Moreover,
research indicates that guidance is not required
at every timestep, as high-level attributes emerge
only within specific critical windows (Kynkéén-
niemi et al., 2024). To address this, we pro-
pose Likelihood-Inverse Guidance (LIG). Model-
ing emotional generation as disentangling the target
distribution from neutral interference, we derive a
state-dependent schedule based on the likelihood
ratio between conditional and unconditional predic-
tions. This establishes a self-regulating mechanism
where guidance is amplified only when the trajec-
tory drifts toward a neutral fallback, maximizing
expressiveness while preserving acoustic stability.

By synergizing these two strategies, we effec-
tively rectify the emotional flow, ensuring the gen-
erative trajectory remains consistently aligned with
the high-arousal manifold to resolve the stability-
expressiveness dilemma. To summarize, our main
contributions are:

* We propose a plug-and-play inference
paradigm that resolves the stability-
expressiveness trade-off without requiring
any model retraining or fine-tuning.

* We introduce Emotion-Rectified Noise Prior
to align the initial state with the target emo-
tional manifold , and Likelihood-Inverse Guid-
ance to dynamically regulate the generation
path based on real-time drift.

» Extensive experiments demonstrate that our
method effectively resolves the stability bot-
tleneck in high-arousal scenarios. We achieve
superior linguistic accuracy while maintain-
ing strong emotional intensity, with geometric
analysis further confirming the successful rec-
tification of generative trajectories.

2 Related Work

2.1 Emotional Text-to-Speech

Text-to-Speech (TTS) has evolved from step-
wise regression to end-to-end generative modeling.
Early paradigms, such as two-stage models (e.g.,
Tacotron (Wang et al., 2017; Shen et al., 2018)) and
non-autoregressive frameworks (e.g., FastSpeech
series (Ren et al., 2019, 2020)), improved infer-
ence speed but remained limited in flexibility. Re-
cently, generative modeling has emerged as the
mainstream solution. Among the various genera-
tive families, Flow Matching (Lipman et al., 2022)
has established itself as a dominant framework, sur-
passing standard diffusion models in training and
inference efficiency through the use of Ordinary
Differential Equations (ODEs). Representative
methods, such as Matcha-TTS (Mehta et al., 2024),
F5-TTS (Chen et al., 2025), and the CosyVoice
series (Du et al., 2024a,b, 2025), widely adopt con-
ditional flow matching architectures, effectively
transitioning TTS from discrete regression to con-
tinuous trajectory generation.

Building on these generative backbones, Emo-
tional TTS (Yang et al., 2025; Diatlova and Shutov,
2023; Xie, 2026; Cho et al., 2025) focuses on em-
powering synthesis systems with explicit control
over affective prosody to render diverse emotional
expressions. To enhance this controllability, ex-
isting works primarily employ label/embedding-
driven methods (Cho et al., 2024; Fu et al., 2025;
Huijuan et al., 2023; Zhang et al., 2019; Xie et al.,
2026a; Jing et al., 2025), reference-based zero-shot
transfer (Anastassiou et al., 2024; Chen et al., 2025;
Cheng et al., 2025; Feng et al., 2026; Jiang et al.,
2023b; Fu et al., 2026; Jiang et al., 2025), or LLM-
integrated natural language prompting (Zhou et al.,
2025; Du et al., 2024b; Cao et al., 2026; Du et al.,
2025; Xie et al., 2026b; Fu et al., 2024; Yang et al.,
2025). However, despite these advancements, a
persistent “stability-expressiveness trade-oft” re-
mains in high-arousal emotion generation. Exces-
sive pursuit of expressive intensity often leads to
pronunciation collapse or acoustic artifacts, mak-
ing the simultaneous achievement of high fidelity
and strong expressiveness an unresolved challenge
in current flow-matching frameworks.

2.2 Inference-Time Optimization for
Diffusion Models

As the marginal benefits of scaling laws in train-
ing stage diminish, inference-time optimization
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Figure 2: Overview of our method. Left: ERNP injects a semantic gradient to align the initial state with the
target emotional manifold. Right: LIG dynamically regulates the guidance scale \; based on the likelihood ratio
R to prevent neutral drift. Middle: The combined approach rectifies the generative flow (purple line), ensuring
high-intensity expressiveness while preserving acoustic stability compared to the baseline (gray dashed line).

has become pivotal for exploiting model poten-
tial. In diffusion models, The Silent Prompt (Wang
et al., 2024a) reveals that initial noise encodes im-
plicit generative bias, enabling precise control over
semantics and details via optimal noise retrieval.
One More Step (Hu et al., 2024) addresses the
training-inference distribution mismatch caused by
non-zero terminal SNR by introducing an auxil-
iary pre-inference mapping to restore image qual-
ity. LI-CFG (Kynki4nniemi et al., 2024) tackles the
defects of constant-weight CFG by activating guid-
ance only within specific intervals to balance qual-
ity and diversity. However, directly transferring
these priors from the image domain to speech emo-
tion tasks is challenging, and most methods fail to
resolve the collapse of high-dimensional emotional
manifolds. In the speech domain, EmoSteer-TTS
(Xie et al., 2025a) introduces training-free activa-
tion steering for emotion intervention but exhibits
instability at high intensities. These limitations
underscore the urgent need for speech-manifold-
oriented inference optimization to resolve stability
issues in high-expressiveness synthesis without re-
training.

3 Method

3.1 Emotion-Rectified Noise Prior

3.1.1 Problem Formulation: Initial Noise as
an Informational Prior

In conditional flow matching, synthesis follows an
ODE driven by a learned vector field conditioned
on inputs.

dxy = vg(xy, t, c)dt €))

Although inference usually starts from isotropic
Gaussian noise, prior work suggests this initial state
xg is not purely random—it can encode a gener-
ative bias that affects the final sample (Qi et al.,
2024; Mao et al., 2024). For high-arousal emo-
tions, the target region is a sparse sub-manifold,
so a standard Gaussian start tends to carry a neu-
tral prosody bias and makes the solver fight inertia,
causing curved trajectories and emotional washout.
Therefore, our goal is to rectify the initial noise to
explicitly encode the target emotional semantics
before generation begins.

3.1.2 Semantic Gradient Injection and
Geometric Interpretation

ERNP aims to embed emotion semantics into the
initial state before generation. First, we sample a
standard anchor from the Gaussian prior. Then, we
perform a Lookahead Step, moving forward by a
pseudo-step 7 using a high guidance scale \;,;; via
Forward Euler:

Xr =Xg + T Oy, (X0, 0) 2

Finally, we perform a Calibration Step, moving
backward from the advanced position to the origin
using a base guidance scale Apqge:

Xo =Xy — T -0y, (X7, T) 3)

Substituting the lookahead step into the calibration
step yields the relation:

XS =Xp + T(ﬁ)\init (X07 O) - 6)‘131155 (XTa T)) 4)

Using flow-matching’s tendency toward straight
and consistent trajectories, the retraction velocity
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at z, can be approximated by that at zy, yielding:
XEk) ~ XO + T [f}Ainit (XO7 0) - ,D>\base (X07 0)] (5)

Expanding CFG shows the update is equivalent
to adding an “emotional semantic gradient” with
strength 7(A\jnit — Apase)» Which geometrically
points toward the high-probability manifold of the
target emotion. The complete pseudo-code for
ERNP is presented in Algorithm 1 in Appendix.

3.2 Likelihood-Inverse Guidance
3.2.1 Additive Mixture Formulation

Standard CFG operates under the implicit assump-
tion that the target conditional distribution can be
approximated by linearly extrapolating from a neu-
tral baseline in the log-probability space. How-
ever, for expressive emotional speech synthesis,
this linear extrapolation often distorts the acoustic
manifold as high-arousal emotions are not simple
extensions of neutral speech. Instead, we argue that
the learned distribution is more accurately modeled
as a probabilistic mixture in the density space. This
formulation models the generated distribution as an
additive mixture of the neutral prosody distribution
and the ideal emotional distribution, enabling us
to mathematically disentangle and purify the au-
thentic emotional target from neutral interference,
rather than merely amplifying feature differences.

We hypothesize that the learned conditional dis-
tribution py(x¢ | Cemo) is an additive mixture of
a fallback neutral distribution p(z) and the ideal
emotional distribution p e (2¢|cemo)':

p@(l‘t‘cemo) = (1 - 7T) 'P(l“t) +m- ptrue(l‘t‘cemo)

(6)
Here, 7 € [0, 1] is the purity coefficient, represent-
ing the proportion of the target distribution that is
authentically emotional. In our experiments, we set
7 = 0.95 by default. To synthesize high-fidelity ex-
pressive speech, our objective is to sample directly
from the purified distribution py;,.. By inverting
the mixture equation, we disentangle the target den-
sity:

DPtrue (xt‘cemo) =
(7
"For notational convenience, pp () denotes conditioning

on all non-emotional conditions (e.g., text and speaker), while
po(x¢ | Cemo) further conditions on emotion.

% [pG(xt‘Cemo) - (1 - ﬂ-) ’ p(xt)]

3.2.2 Derivation of the Purified Vector Field

In the Flow Matching, the generative process is
governed by a time-dependent vector field v(z).
Since the score function is s(z) = Vlogp(z)
and the optimal vector field is proportional to it,
v(z) x Vzlogp(z), we derive the vector field
Virue DYy taking the log-gradient of Eq. (7). Using
the identity V logp = % and substituting the ve-
locity counterparts, the target vector field can be
expressed as (please refer to the Appendix A.1 for
the detailed derivation):

. p@(xt ‘ Cemo) Ve — (1 - '/T) p@(xt) Uy,
'Utrue(l‘t) =
po(@t | Cemo) — (1 — ) po(a)

(®)
where v. and v,, denote the velocity outputs condi-
tioned on the full conditioning information includ-
ing Cemo, and on the same conditioning information
with emotion excluded, respectively. To align this
with the standard guidance structure (base + scale
x difference), we rearrange the terms algebraically
to obtain (please refer to the Appendix A.2 for the
detailed derivation):

fUtrue(SUt) = 'Uu(-'pt) + )‘(xt’t) ) (Uc(‘rt) - Uu(xt))

©)
Here, A\(z¢,t) is a dynamic scaling coefficient de-
rived as:

Po(7¢ | Cemo)
po(xt | cemo) — (1 — m)p(z+)

Mz, t) = (10)
By defining the Likelihood Ratio R; as the ratio

between the conditional and unconditional densi-

ties:

Po (:rt ’ Cemo)

p(z¢)
we can rewrite the guidance scale in a concise ana-
lytical form:

Ry = (11

Ry

Mz, t) = Ri—(1—n)

(12)
This constitutes the core mechanism of Likelihood-
Inverse Guidance. When R; > 1, the trajec-
tory is already in a region where the emotional
component has much higher probability mass, so
A — 1 and the update is essentially equivalent
to directly using the conditional vector field. In
contrast, as B; — 1 — m, the conditional dis-
tribution nearly degenerates to the neutral fall-
back term, accordingly, A grows to strongly cor-
rect the trajectory and reinforce emotional expres-
sion. However, as R; — 1 — 7, the denominator
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of My, t) = % approaches 0, causing A
to diverge. For numerical stability, we enforce
R > %, which is equivalent to clipping
the guidance scale as A «— min(\, A\pax). We set

Amax = 30 by default.

3.2.3 Recursive Estimation via Transition
Dynamics

To track the evolution of the likelihood ratio R; in

real-time, we analyze its discrete increment over

a small time step At. Defining the logarithmic

increment A log Ry = log Ry At — log Ry, we first

expand it using the definition of the likelihood ratio:

Alog Rt _ log <p0<1't+At’cemo)>
Po(Teyat)

. 10g <p9 ($t|cemo)>
po(zt)
By regrouping the terms, we isolate the contribu-

tions from the conditional and unconditional com-
ponents:

(13)

A]Og Ry = [logp0<xt+At’Cemo) - 10gp0<xt‘cemo)]

TV
Conditional Change

— [log pg(z¢4at) — log po(w¢)]

Unconditional Change

(14)
Since we are sampling a specific trajectory, we
leverage the Markov property of the generative
process. By applying the chain rule to the joint
probability of consecutive states, expressed as
p(zreat, ©e) = p(zerat]ze) - p(ay), the incremen-
tal change in the log-density is principally deter-
mined by the transition probability of the current
step. This allows us to express the update in terms
of the transition kernels (please refer to the Ap-
pendix A.2 for the detailed derivation):

Alog Ry = log p(2t4 At|Zt, Cemo) —10g p(Tey At|T¢)

(15)
In Flow Matching, the local transition kernel
p(xryat|re) is modeled as a Gaussian distribu-
tion N (x5 a¢; i, 0%I). Consequently, the log-
probability is proportional to the negative squared
distance from the mean. Let u. and p,, denote the
predicted means for the conditional and uncondi-
tional models, respectively:

1
Alog Ry = 592 (lzerae = mall® = llzesae — pell?)

(16)
Under the Euler solver, the next state is updated as
Tirar = o+ v At, where vy = vy, + A (Ve — Uy).

Meanwhile, the predicted means are p. = z; +
v AL and p, = ¢ + v, At. Substituting these
into the distance terms leads to the cancellation
of the current state z;, transforming the geometric
distances into velocity differences:

Tepat — fe = (v — Vo) AL

(17)
TipAt — o = (v — vy) AL

Finally, substituting these relations back into the
update rule yields:

2
Alog Ry = 55 (e — wull? = o~ )

(18)

where 0 = 1 — ¢ represents the noise level. This

derivation confirms that the update of R is rig-

orously driven by the instantaneous geometric di-

vergence between the vector fields. The complete

pseudo-code for LIG is presented in Algorithm 2

in Appendix.

4 Experiments

4.1 Experimental Setup
4.1.1 Datasets

We use three public benchmarks: ESD (Zhou et al.,
2021), EmoVoice (Yang et al., 2025), and Expresso
(Nguyen et al., 2023). Neutral speech from the tar-
get speaker is consistently used as reference audio.
Since ESD does not provide an official test split,
we follow the setting used by MaskGCT (Wang
et al., 2024b) and MegaTTS2 (Jiang et al., 2023a),
constructing an evaluation set from a subset of the
dataset. Specifically, we construct our evaluation
set by taking the first 100 prompts from each of
speakers 0001 and 0011. For Expresso, we only
use the read-speech subset for evaluation.

To evaluate high-arousal scenarios, we construct
the High-Intensity Emotion Dataset (HIED), a cu-
rated subset filtered from several publicly available
open-source academic speech corpora. HIED con-
sists of 400 extreme-arousal utterances across four
categories: Angry, Happy, Sad, and Surprise (100
samples per category). The dataset encompasses 37
distinct speakers, including 295 male and 105 fe-
male utterances. To ensure objectivity, we utilize a
pre-trained dimensional arousal predictor (Wagner
et al., 2022) to score and rank candidates, selecting
only the top-tier utterances for each category. For
each speaker, we retain at least two samples: one as
a high-arousal reference and another for the target
text with ground-truth audio.
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Dataset  Model Method WER (]) ES (1) Recall () UTMOSV2 (1) GMOS (1)
CosvVoicey  BSe 2.56 074  39.3% 2.95 4.02
ESD OSYVOICCS Ours 2.05 081  392% 3.27 4.02
Base 1.71 076  48.3% 3.47 4.10
Index-TTS2 5 1 1.90 079  47.5% 333 4.13
CosvVoicey  BAS 341 077  42.5% 328 3.88
, Y +Ours 3.35 075  41.8% 3.56 3.91
EmoVoice
Base 2.97 074  463% 335 4.04
Index-TTS2 & 1 2.13 0.82  48.5% 3.98 4.22
CosvVoices  BASC 313 072 39.7% 3.71 3.96
OSYVOICES  Ours 2.27 083  43.1% 3.61 4.05
Expresso
Base 270 075  45.2% 3.02 4.02
Index-TTS2 1 1.95 0.84  447% 3.26 413

Table 1: Overall performance comparison on standard benchmarks. “Base” denotes the original model, and “+Ours”

denotes the model integrated with ERNP and LIG.

Model Method SMOS PMOS QMOS EMOS
CosvVoicey B 385 362 379 353
OSYVOICeZ | Ours 391 387 390  3.82
IndexTTsy  BAS 392 378 395 394

+Ours 3.77 3.79 4.02 4.18

Table 2: MOS on the HIED subset (50 samples).

4.1.2 Model and Implementation Details

We selected three representative emotion-
controllable models as baselines: Index-TTS2
(Zhou et al., 2025), CosyVoice2 (Du et al., 2024b),
and F5-TTS (Chen et al., 2025). For Cosy Voice?2,
where emotion and text features are fused at the
LLM stage, we designed a dual-branch strategy
to enable LIG. Specifically, by feeding the input
containing the emotion control prompt and the
input without it into the LLM separately, we obtain
two distinct outputs. These outputs serve as the
emotion-guided and unconditional conditions for
LIG, respectively. We then fix the random seed
and feed these conditions into the diffusion model
for generation.

4.1.3 Evaluation Metrics

We employ a combination of objective and subjec-
tive metrics:

Objective Metrics: Speech intelligibility is eval-
uated using word error rate (WER), with FunASR
(Gao et al., 2023) for Chinese content and Whis-
per (Radford et al., 2023) for English. For emo-
tional evaluation, we utilize emotion2vec (Ma et al.,

2024) to extract representations and compute the
Cosine Similarity (ES) and Recall between the gen-
erated audio and the target emotion. Additionally,
UTMOSVv2 (Baba et al., 2024) is used as a proxy
metric for naturalness.

Subjective Metrics: We adopt a multi-
dimensional MOS framework, including Similar-
ity (SMOS), Prosody (PMOS), Quality (QMOS),
and Emotion (EMOS). Given the high cost of hu-
man evaluation, we additionally utilized Gemini
2.5 Pro (Comanici et al., 2025) to conduct auto-
matic MOS scoring (GMOS). This approach has
been proven to exhibit a high correlation with hu-
man judgment(Manku et al., 2025). For human
evaluation, 50 samples were selected from the gen-
eration results on HIED for blind testing.

4.2 Comparative Analysis

4.2.1 Overall Performance

We evaluate on ESD, EmoVoice, and Expresso with
CosyVoice2 and IndexTTS2. As presented in Table
1, our method demonstrates consistent improve-
ments in both emotional alignment and linguis-
tic stability across most scenarios. In EmoVoice
and Expresso, our method yields substantial gains.
For instance, IndexTTS2 on the EmoVoice dataset
achieves a significant reduction in WER (2.97 —
2.13) alongside a marked increase in Emotion Sim-
ilarity (0.74 — 0.82) and Recall. Similarly, on the
Expresso dataset, CosyVoice2 sees a drastic WER
improvement (3.13 — 2.27) and enhanced expres-
siveness (ES 0.72 — 0.83). It is worth noting that
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for the IndexTTS2 model on ESD dataset, the im-
provement in objective metrics is marginal (e.g.,
slight fluctuations in WER). This is primarily be-
cause ESD constitutes a portion of IndexTTS2’s
training data. Consequently, the base model is
already highly optimized for this specific distribu-
tion, leaving limited headroom for inference-time
optimization. Nevertheless, even in this well-fitted
scenario, our method still enhances Emotion Simi-
larity (0.76 — 0.79) and achieves higher subjective
preference (GMOS).

Furthermore, we extracted 50 samples specif-
ically from HIED for human evaluation using
CosyVoice2 and IndexTTS2. The results, presented
in Table 2, demonstrate that our method signifi-
cantly improves emotional expressiveness without
compromising, and often improving, speech qual-
ity.

Furthermore, we extracted 50 samples specifi-
cally from the HIED dataset for human evaluation
using CosyVoice2 and IndexTTS2. The results,
presented in Table 2, demonstrate that our method
significantly enhances emotional expressiveness
while maintaining overall speech quality. Specif-
ically, CosyVoice2 achieves a substantial gain in
EMOS, rising from 3.53 to 3.82, alongside consis-
tent improvements in prosody and audio quality.
Similarly, IndexTTS2 attains an EMOS of 4.18
with our method, surpassing the baseline’s 3.94.

4.2.2 Performance on Pure Flow-matching
Model

To verify the effectiveness of our method under in-
tense emotional conditions, we employed F5-TTS,
a pure non-autoregressive flow-matching model,
on the HIED dataset. Given that HIED consists of
curated high-arousal audio and F5-TTS employs
a reference-based mechanism to directly clone
prosody and style, this setup allows us to explicitly
modulate the emotional intensity of the output by
controlling the acoustic properties of the reference
prompt.

We conducted a comprehensive evaluation on
HIED. As shown in Table 3, our method signifi-
cantly reduces the WER from 4.41% to 2.53%, ef-
fectively mitigating the phoneme collapse observed
in the baseline. Beyond the objective metrics, hu-
man subjective evaluation (as shown in Table 4)
shows that the EMOS significantly improves from
3.63 to 3.89.

Furthermore, to verify the efficacy of our method
independent of LLM-generated semantic guidance,

Method WER (]) ES(1) Recall(P) (1) GMOS (1)
F5-TTS (Base) 4.41 0.78 52.1% 3.99
F5-TTS (+Ours)  2.53 0.73 61.7% 4.12

Table 3: Performance of F5-TTS on the HIED.

we extended the objective evaluation of F5-TTS to
standard benchmarks (ESD, EmoVoice, Expresso).
Even when using emotional reference audio for
zero-shot transfer (where emotion is entangled with
speaker timbre), our ERNP+LIG framework consis-
tently boosts Emotion Similarity (ES) and reduces
WER across all datasets (detailed in Table 5). This
conclusively demonstrates that our method funda-
mentally improves the generative flow dynamics of
the decoder itself.

F5-TTS SMOS (1) PMOS (1) QMOS (1) EMOS (1)
Baseline 3.32 3.08 3.34 3.63
+Ours 3.33 3.10 3.41 3.89

Table 4: Comprehensive Evaluation of F5-TTS on the
HIED Benchmark. Subjective scores are reported with
95% Confidence Intervals.

Dataset  Method WER () ES(1) UTMOSV2 (1)
Baseline 3.62 0.78 3.16

ESD +Ours 2.38 0.82 3.19

EmoVoice Bascline 391 0.77 3.47

MOVOICE . Ours 2.67 0.83 3.65

E - Baseline 3.79 0.72 3.41

XPIESSO L Ours 291 0.79 3.58

Table 5: Extended Objective Evaluation of F5-TTS
across multiple datasets.

4.3 Ablation Studies

In this section, we conduct extensive ablation stud-
ies to validate the effectiveness of each proposed
component. All experiments in this section are
performed using IndexTTS2 on HIED.

4.3.1 Emotion-Rectified Noise Prior (ERNP)

To validate our initialization strategy, we compared
generation quality with and without Rectified Noise
(Table 6). Removing it causes significant degrada-
tion in emotional metrics: ES drops from 0.84 to
0.73, and Recall decreases from 54.2% to 51.5%,
suggesting the model struggles to enter the target
emotional mode without a semantic prior. This is
confirmed by t-SNE visualization (Figure 3), where
Rectified Noise forms distinct emotion-specific
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Initialization WER (]) ES (1) Recall (1)
Standard Gaussian Noise 3.25 0.73 51.5%
Rectified Noise (Ours) 3.05 0.84 54.2%

Table 6: Comparison between Standard Gaussian Noise
and our proposed ERNP.
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Figure 3: t-SNE visualization of Standard Gaussian
Noise vs. Rectified Noise.

clusters, unlike the random distribution of standard
Gaussian noise.

To understand the physical impact, we analyzed
the guidance coefficient \; (Figure 4). With stan-
dard initialization, the model detects a large initial
disparity, triggering a sharp spike (A\; > 18) at
t ~ 0.2. This forceful intervention causes trajec-
tory overshoot and instability. In contrast, ERNP
provides an effective warm-start, constraining the
initial \; to a stable range (peaking ~ 7 — 8) and
ensuring smooth convergence to the target mani-
fold.

4.3.2 Likelihood-Inverse Guidance (LIG)

We compared LIG against standard Constant CFG
and Limited-Interval CFG (LI-CFG) (Table 7).
Constant CFG achieves high emotional similarity
but suffers from high WER (4.08%) due to signal
over-saturation. While LI-CFG improves stability,
it fails to reach peak intensity. Our LIG strikes
the optimal balance, achieving the lowest WER
(3.05%) and highest Emotion Similarity (0.84).
The instability of Constant CFG arises because
the Rectified Noise already provides significant
emotional variance. Indiscriminate high-scale guid-
ance forces excessive amplification, causing emo-
tional features to interfere with phonation and pro-
ducing artifacts. LIG acts as a dynamic regulator,

=

Guidance scale
O N~ O®OND

. \
0.0 02 04 06 08 1.0
Diffusion timesteps

.0 02 04 06 0.8 10
Diffusion timesteps

Figure 4: Curves of guidance coefficient \; over time.
Left: Standard Gaussian Noise (unstable spikes); Right:
Emotion-Rectified Noise Prior (stable trajectory).

Guidance Schedule WER () ES (1) GMOS (1)
Constant CFG 4.08 0.79 3.65
LI-CFG 3.86 0.74 3.91
LIG (Ours) 3.05 0.84 4.22

Table 7: Ablation study on Guidance Schedules. Com-
parison of Constant CFG, LI-CFG, and LIG.

relaxing guidance once the emotional trajectory
is established to preserve speech quality without
sacrificing expressiveness.

4.4 Hyperparameter Sensitivity

To determine the optimal configuration, we con-
ducted sensitivity analyses on the mixture purity co-
efficient = and guidance scale cap A4z (as shown
in Table 8,). For 7, which controls emotional dis-
entanglement, varying it from 0.9 to 0.99 revealed
that low values yield insufficient separation, while
approaching 1.0 causes numerical instability (spik-
ing WER to 3.82%). Thus, m = 0.95 was selected
to maximize expressiveness (ES=0.84) while main-
taining stability. Regarding A4z, used to prevent
gradient explosion, tests ranging from 10 to 50 indi-
cated that a low cap (e.g., 10) fails to correct neutral
drift (WER 4.12%), while an excessive cap (50) de-
grades audio quality, leading us to set Ay, = 30.

4.5 Mechanism Analysis: Why it works?

To uncover the physical mechanism behind the per-
formance gains, we analyze the geometric proper-
ties of the generated ODE trajectories. Our core
finding is that the proposed method significantly
smoothes the denoising path, minimizing gradient
conflicts. We quantify this improvement using two
complementary metrics:

1. Directional Stability (CAD) We compute the
Cumulative Angular Deviation to measure local
directional consistency. It aggregates the rotational
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Purity Coefficient () Max Guidance Scale (\,q2)

m  WER() ES() Amaz  WER ()  ES(1)
090 3.08% 0.81 10 4.12% 0.78
095 3.05% 0.84 30 3.05% 0.84
099 3.82% 0.84 50 3.48% 0.83

Table 8: Hyperparameter sensitivity analysis.

Method CAD () log(S(2)) ()
Baseline 34.26 2.28
Ours (ERNP + LIG) 15.83 1.04

Table 9: Quantitative analysis of geometric properties.

magnitude between consecutive velocity vectors:

N-1
CAD = Z arccos (W> (19)
- TeillTeisal

A lower CAD indicates that the solver follows a
decisive path with minimal “zigzag” oscillations,
directly correlating with reduced acoustic tremors
and artifacts.

2. Global Linearity (S) We adopt the straight-
ness metric from InstaFlow (Liu et al., 2024) to
measure the deviation from an ideal uniform linear
motion:

1
S(Z):/O |v(zs,t) — (21 — o) ||?dt  (20)

Physically, S — 0 implies the trajectory avoids
complex non-linear “detours,” simplifying the map-
ping from noise to speech into a near-perfect linear
interpolation.

Result Analysis As shown in Table 9, our
method drastically reduces both CAD (34.26 —
15.83) and log S (2.28 — 1.04). This geometric
rectification minimizes discretization errors, ensur-
ing robustness even under limited inference steps.
Consequently, at the extreme setting of NFE=5
(see Table 10), the baseline suffers severe collapse
(WER 15.29%), whereas our method maintains
high stability (WER 7.98%).

5 Conclusion

In this work, we address the expressiveness-
stability dilemma in high-arousal TTS with a
training-free framework. By combining ERNP for
aligned initialization and LIG for dynamic infer-
ence regulation, we rectify the emotional gener-
ative flow. Experiments show our method miti-
gates acoustic instability and linearizes trajectories,

NFE Method WER () ES(1) Recall (1)
)5 Baseline 4.36 0.79 53.1%
+Ours 3.05 0.84 54.2%
10 Baseline 7.48 0.73 58.8%
+Ours 4.31 0.78 49.2%
5 Baseline 15.29 0.74 55.7%
+Ours 7.98 0.71 49.5%

Table 10: Performance comparison under different NFE.
Our method maintains high stability even with signifi-
cantly reduced inference steps.

achieving superior expressiveness and fidelity even
in low-step settings. As a plug-and-play solution, it
unlocks existing diffusion models for human-level
emotional synthesis without retraining.

6 Limitations

The primary limitation of our framework is its in-
herent reliance on the continuous probability flows
and iterative nature of diffusion models. Since our
mechanisms (ERNP and LIG) are derived from
ODE properties, they are not directly applicable to
non-iterative architectures, such as discrete Autore-
gressive models or single-step feed-forward net-
works, which lack the continuous latent trajectories
required for dynamic flow rectification.
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A Appendix

A.1 Derivation of the Purified Vector Field

1. Definition of the Target Vector Field. Ac-
cording to the property of Flow Matching, the opti-
mal vector field is proportional to the score function
(the gradient of the log-density):

'U([Et, t) & 8(.1‘15, t) = V:Et 1ng(xt, t)
Using the identity

Vep(z)

V. logp(z) = (@)

we can expand the log-gradient in terms of the
density gradient.

2. Gradient of the Mixture Density. Recall the
disentangled density from Eq. (7):

1
ptrue(xt | Cemo) = ; [p@(xt | cemo)_(l_ﬂ-) p@(l‘t) .

Note: In Eq. (8), the paper denotes the neutral

distribution as pg(xy).
We compute the gradient V,, for both sides:

v:Etptrue(xt | Cemo)

1
= | Varpo(@t | cemo) = (1= ) Va,po(a)|.

3. Substituting Gradients with Velocity Fields.
We apply the chain rule

Vup(x) = p(z) Vy log p(x),

and the proportionality v(x)  V, log p(x) to ex-
press gradients in terms of the velocity outputs v,
and vy,:

Conditional Term:

Vi, 00 (74 | Cemo)

= po(¢ | Cemo) Vi, 10g po(21 | Cemo)

o Po(Zt | Cemo) Ve(Tt, 1),

Unconditional Term:

Va,po(wt)

= pg(w¢) Vi, log pg(x¢) o po(x¢) v, 1).

Substituting these back into the gradient equa-
tion gives (up to a common proportionality con-
stant):

1
vxtptrue(xt | Cemo) X ; pQ(xt | Cemo) Uc(xtvt)

— (1 =) po(ws) vu(w, 1) |-

4. Final Assembly. Substitute the numerator
(from Step 3) and the denominator (from Eq. (7))
into

Utrue(wty t) X V:vt logptrue(xt ‘ Cemo)
_ thptrue(xt ‘ Cemo)

ptrue(l't ’ Cemo)

The common factor 1/7 cancels out, yielding
Eq. (8):

Utrue(xta t) =
Po(@t | Cemo) ve(xr, ) — (1 — ) pp(we) vu (a1, 1)
Po(xt | Cemo) — (1 — ) py(z+) '
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A.2 Derivation of Eq. (9) from Eq. (8)

To rewrite v in the standard classifier-free guid-
ance form (base + scale - difference), we perform
algebraic manipulation on the numerator of Eq. (8).
Let D = pg(xt|cemo) — (1 — m)pg(xy) be the
denominator.
Starting from Eq. (8):

__ DPcondVe — (1 - 7"-)pfwncond'uu
Vtrue = D

We add and subtract the term pcopqvy, in the numer-
ator to create the difference (v, — vy,):

o PeondVe — PeondVu + PeondVu — (1 - 7T)

property of the generative process. Consider the
joint probability of consecutive states x; and Ty A¢.
By applying the chain rule, we have:

p(33t+m, xt) = p($t+At’$t) - p()

In the context of a small time step At, the probabil-
ity density of the next state p(z¢1A¢) is principally
determined by the transition from the current state
x¢. Thus, we can approximate the evolution of the
marginal density locally using the transition kernel:

pP(Tirae) = p(Tiradle) - p(oe)

Puncodfing the logarithm and rearranging the terms

Vtrue =
D

_ pcond(vc - 'Uu) + [pcond - (1 - W)puncond]

yields the unconditional incremental change:

Uy,

D

Now, we split the fraction into two parts:

o [pcond - (1 - 7T)puncond]fUu

Pcond (Uc - Uu)

Utrue = D + D

The first term simplifies to v,, because the numera-
tor equals the denominator D:

Vtrye = Uy + (le)nd> (UC - UU)
By defining A(x,t) = Pend (which matches Eq.
10), we obtain Eq. (9):

Utrue(xt) = Uu(xt) + )\(l‘t, t) : (UC(xt) - Uu(xt))

Derivation of the Recursive Likelihood Ratio
Update

In this section, we provide the detailed derivation
of Equation (15), which expresses the incremental
change of the likelihood ratio in terms of transition
probabilities.

1. Decomposition of the Log-Likelihood Ratio
Increment

Recall Equation (14), where the increment of the
log-likelihood ratio A log R, is decomposed into
conditional and unconditional components:

A log Ry = [lngg (xt+At’Cemo) - lnge (xt|cemo)]

Conditional Change

— [log pg(z¢4at) — log po(w¢)]

Unconditional Change

2D

2. Markov Property and Chain Rule Applica-
tion

Since the generation process samples a specific

continuous trajectory, we can leverage the Markov

log p(xi1a¢) — log p(at) ~ log p(wsyat|zt)

3. Application to the Conditional Distribution

The same logic applies to the conditional distri-
bution conditioned on emotion ce,,,. The transition
dynamics under the emotion condition satisfy:

p(xt—&-At’Cemo) ~ p(xt—i—At’xta Cemo) . p(xtlcemo)

Similarly, taking the logarithm gives the condi-
tional incremental change:

lOg p(£t+At’Cemo) - Ing(xt‘Cemo) (22)

~ logp(xt—l—At |$ta Cemo)

4. Final Derivation

Substituting the results from Steps 2 and 3 back
into Equation (21), we obtain the update rule ex-
pressed solely in terms of the local transition prob-
abilities:

Alog Ry = log p(21+At|Tt, Cemo) —10g p(T14 At]Te)

(23)
This confirms Equation (15). It indicates that the
evolution of the likelihood ratio is driven by the
divergence between the conditional and uncondi-
tional transition probabilities at the current time
step.

A.3 Interaction Analysis of ERNP
Hyperparameters

To investigate the optimal intensity for the ERNP,
we conduct a joint ablation study on the Looka-
head guidance scale \;,;; and the Calibration base
scale \pyse. We define the Effective Gradient Gap
as AX = At — Apase- We test various config-
urations by varying \;,i; € {10, 20, 30,40} and
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Table 11: Joint ablation study on A;,;+ and Apqs. evalu-
ated on the HIED dataset.

Ainit  Abase Gap (AN) ‘ WER (%) ES1 Recall {

10 1 3.43 0.81 52.1%
10 3 3.65 083 51.8%
20 1 19 3.23 082 53.7%
20 3 17 3.34 0.80 53.3%
30 1 29 3.05 084 54.2%
40 1 39 3.06 0.84  53.8%

Apase € {1,3}. The results are shown in Ta-
ble 11. It can be observed that widening the gra-
dient gap A\ from 9 to 29 consistently enhances
model performance. Specifically, the setting with
Ainit = 30 and A\p,se = 1 achieves the best trade-
off, reaching the lowest WER (3.05%) and high-
est Emotion Similarity (0.84). However, com-
pared to \;,;; = 30, further increasing the scale to
Ainit = 40 (AX = 39) leads to diminishing returns,
with slight degradations in both intelligibility and
expressiveness. This suggests that excessive rectifi-
cation strength may over-perturb the initialization,
distorting the linguistic structure. Therefore, we
identify \;p,;; = 30 as the optimal configuration for
balancing emotional intensity and acoustic stabil-

ity.
A.4 Pseudo Code
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Algorithm 1 Emotion-Rectified Noise Prior (ERNP)

Require: Target emotion condition ce,,,, lookahead step size 7, initial guidance scale ;,;:, base guidance
scale Ypgse-
Ensure: Rectified initial noise x).
1: Sample standard Gaussian noise xo ~ N (0, 1) > Standard initialization
Lookahead Step:
Calculate velocity with high guidance:
V4 MOdel(.%'o, 0, Cemos 'Yim't)
Move forward to pseudo-state:
Tr4—To+T-0 > Eq. (2)
Calibration Step:
Calculate velocity for retraction:
0 <— Model(x+, T, Cemo, Voase)
Move backward to rectified origin:
STy Ty — T D > Eq. (3)
: return z;)

R A O S i

—_ = =

Algorithm 2 Likelihood-Inverse Guidance (LIG) Sampling

Require: Rectified noise xy, emotion condition c,,,,, neutral condition (), total steps N, purity 7, max
scale \jqz-
Ensure: Generated speech sample ;.
1: Initialization:
2: Initialize log-likelihood ratio at ¢ = 0: log Ry + 0 > Assumes p(zo|c) ~ p(xo)
3: Step size At « 1/N
4: fori=0to N — 1do

5 t—1i-At
6: or+—1—1t > Noise level at ¢
7: 1. Model Prediction:
8: Ve < Model(x, t, Cemo) > Conditional velocity
9: vy < Model(xy,t,0) > Unconditional velocity
10: 2. Dynamic Schedule Calculation:
11: R; + exp(log Ry) > Recover R; from log-domain
12: At ﬁ > Calculate guidance scale, Eq. (12)
13: At min(Ag, AMnaz) > Clamp for stability
14: 3. State Update (Euler Step):
15: Vtrue — Uy + At - (Ve — Vy) > Rectified vector field, Eq. (9)
16: Ter At — Tp + Vppye + At > Update state
17: 4. Recursive Likelihood Estimation (for next step):
18: Calculate squared norm difference:
19: AD; ||'Utrue - UuHZ - Hvtrue - Uc”2
20: Calculate log-ratio increment:
21: Alog Ry + 2%; - ADy, > Derived from Eq. (18)

22: Update log—liketlihood for next step:
23: log Ri+a¢ < log Ry + Alog Ry

24: end for

25: return x;
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