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Abstract

Multimodal emotional prompts have broadened the control-
lability of emotional text-to-speech synthesis by allowing tar-
get emotions to be specified through diverse cues, including
speech, text, and facial images. Nevertheless, existing meth-
ods still face two fundamental challenges: entangled emo-
tional representations and the trade-off between content fi-
delity and emotional expressiveness. To address these chal-
lenges, we propose HiP-ETTS. It first decomposes emotional
prompts into two fine-grained factors: an emotion-shared fac-
tor and a complementary emotion factor, which respectively
represent VAD-related affective structure and complementary
expressive information beyond the VAD-conditioned predic-
tion. Conditioned on these emotion factors, HiP-ETTS then
constructs a content-stable hierarchical emotional prior and
adaptively projects it into an intermediate flow state for sub-
sequent acoustic refinement, thereby enhancing emotional ex-
pressiveness while preserving linguistic content. Experiments
across different emotional prompt conditions demonstrate that
HiP-ETTS achieves lower or comparable word error rates and
consistently higher emotional consistency scores than previ-
ous methods, while requiring fewer parameters and enabling
faster inference.

Introduction

Emotional text-to-speech synthesis aims to generate speech
that is natural, intelligible, and consistent with a target emo-
tion, with broad applications in voice assistants, virtual char-
acters, and media production (Xie et al. 2025). Although
recent TTS models, such as NaturalSpeech (Tan et al. 2024),
have approached the naturalness of human recordings, the
generation of fine-grained and controllable emotional speech
remains insufficiently addressed. We argue that this problem
mainly stems from two fundamental challenges:

Entangled Emotional Representations. Recent emo-
tional TTS studies have extended emotion control from
single-modality conditioning to multimodal prompting. Rep-
resentative methods such as MM-TTS (Guan et al. 2024)
and FleSpeech (Li et al. 2025) employ multimodal prompt-
ing frameworks that allow textual, acoustic, and visual cues
to condition emotional speech generation. Although such
frameworks provide more flexible and diverse forms of emo-
tion control, the emotional information carried by these cues
still requires a more explicit structure.

In real emotional speech, the mapping from emotion to
speech is not a fixed one-to-one relationship (Schuller 2018).
Rather, it reflects both cross-speaker acoustic regularities and
speaker-specific expressive variation. For example, speakers
commonly exhibit increased loudness and faster speech rate
when expressing anger, reflecting acoustic regularities as-
sociated with the same emotion (Banse and Scherer 1996;
Sobin and Alpert 1999). However, the specific realization of
these regularities is shaped by each speaker’s habitual speak-
ing style (Patel et al. 2011; Laukka, Neiberg, and Elfenbein
2014). Based on this observation, we decompose the emo-
tional information carried by these prompts into two factors:
an emotion-shared factor that captures cross-speaker acoustic
regularities, and a complementary emotion factor that pro-
vides expressive information beyond the VAD-conditioned
prediction. This decomposition formulates emotional speech
synthesis as a shared-specific emotion modeling problem,
in which the emotion-shared factor establishes a common
emotional backbone, while the complementary emotion fac-
tor provides additional cues for speaker-conditioned prosody
prediction.

Trade-Off Between Content Fidelity and Emotional
Expressiveness. Previous emotional speech synthesis meth-
ods typically introduce emotional conditions through con-
catenation, feature fusion, or global modulation (Yao et al.
2024; Ning et al. 2023; Choi and Park 2025). However, emo-
tional signals can induce substantial acoustic variations. Di-
rectly injecting them into the acoustic model may therefore
improve emotional expressiveness at the expense of content
fidelity (Yang et al. 2025b,c). This problem is further exac-
erbated by the heterogeneity of speech factors: content and
prosody are represented as time-varying sequences, whereas
timbre and emotion are modeled as utterance-level global
conditions (Ren et al. 2024; Wu et al. 2025). Consequently,
enhancing emotional expression without sacrificing content
fidelity remains a key challenge in emotional speech synthe-
sis.

To address this issue, we design a two-stage acoustic gen-
eration process. In the first stage, the model constructs a
content-stable hierarchical emotional prior by organizing dif-
ferent speech factors according to their properties. In the sec-
ond stage, conditioned on acoustic cues, the model projects
this prior into an adaptive intermediate state on the flow tra-
jectory and refines it into the final mel-spectrogram through



conditional flow matching. This design first anchors linguis-
tic structure in the hierarchical prior and subsequently en-
riches emotional expression and acoustic detail during flow
refinement.

In summary, we propose HiP-ETTS, a multimodal emo-
tional TTS framework that enables more fine-grained and
content-stable emotional speech synthesis by decomposing
prompt-derived emotional signals and adopting two-stage
acoustic generation. Our main contributions are summarized
as follows:

• We propose a fine-grained emotional signal decompo-
sition strategy that separates emotional information into
emotion-shared and complementary emotion factors, en-
abling more speaker-congruent emotional expression.

• We propose a two-stage acoustic generation strategy that
jointly preserves content fidelity and enhances emotional
expressiveness by first establishing a content-stable hier-
archical emotional prior and then adaptively projecting
and refining it along the flow trajectory.

• Extensive experiments across different emotional prompt
modalities demonstrate that HiP-ETTS achieves higher
emotion consistency with lower or comparable word er-
ror rates, while enabling flexible and speaker-congruent
emotional expression beyond fixed categorical emotion
labels.

Related Work

Emotion Representation and Multimodal
Prompting

A key challenge in emotional speech synthesis is how the
target emotion is represented and provided to the model.
Early methods commonly rely on discrete emotion labels,
such as happiness, sadness, and anger. While these labels
are intuitive and easy to use, they are limited to prede-
fined categories and cannot capture expressive variations
within the same category (Lee, Lee, and Rabiee 2017). Di-
mensional emotion models instead represent emotion using
continuous coordinates, such as valence, arousal, and dom-
inance (VAD), which characterize emotional polarity, acti-
vation, and perceived control, respectively (Russell 1980).
Based on this representation, EmoSphere and EmoSphere++
control emotion category and intensity by manipulating co-
ordinates in the emotion space (Cho et al. 2025, 2024).
Meanwhile, in emotional understanding field, prior stud-
ies have investigated decomposing emotional representations
into shared and modality-specific components to examine
their relationships and complementary roles (Hazarika, Zim-
mermann, and Poria 2020). In emotional speech generation,
EmoRES-TTS also explores a shared–residual decomposi-
tion to model commonalities across emotion categories and
category-specific differences (Huang et al. 2026).

More recent emotional TTS studies have further broad-
ened the sources of emotion control signals to include ref-
erence speech (Chen, Chen, and Hirschberg 2024), natu-
ral language descriptions (Yang et al. 2024), and facial im-
ages (Zhang et al. 2025). Extending this direction, MM-TTS
and FleSpeech incorporate text, speech, and image inputs

into multimodal prompting frameworks, allowing either a
single modality or their combinations to provide emotional
cues (Guan et al. 2024; Li et al. 2025). However, they gener-
ally do not explicitly separate cross-speaker emotional reg-
ularities from speaker-specific expressive variations. Conse-
quently, the learned emotion condition may conflate speaker-
specific expression with the target emotion. To address this
limitation, we reformulate the representation of emotional
prompts as a shared-specific modeling problem, in which
VAD models the cross-speaker acoustic regularities and a
high-dimensional residual provides complementary expres-
sive information beyond the VAD-conditioned prediction.

Structured Priors and Factorized Speech Modeling

In flow-matching based TTS, acoustic generation typically
starts from noise or a simple initial state and progressively
evolves toward the final mel-spectrogram (Popov et al. 2021;
Mehta et al. 2024). More recent methods have begun to intro-
duce informative priors or intermediate states as the starting
state for acoustic generation. For example, OZSpeech (Hieu
et al. 2025) uses one-step OT-CFM from a learned prior
distribution over factorized speech codes, while SFM (Yang
et al. 2026a) constructs an adaptive intermediate state from
coarse acoustic outputs and refines only the remaining trajec-
tory. These studies suggest that a more informative starting
state can facilitate acoustic generation.

Meanwhile, factorized speech modeling has become
an important method for controllable speech synthesis.
iEmoTTS (Zhang et al. 2023) separates emotion-related
prosody from speaker timbre through dedicated emotion,
prosody, and timbre modules, enabling cross-speaker emo-
tion transfer while preserving speaker identity. Natural-
Speech 3 (Ju et al. 2024) uses a factorized neural codec
to decompose speech into content, prosody, timbre, and
acoustic-detail subspaces, and generates these speech fac-
tors with corresponding diffusion models. These methods
demonstrate that assigning different speech factors to special-
ized representations facilitates controllable synthesis. Moti-
vated by these findings, we construct a content-stable hier-
archical emotional prior from factorized speech factors and
use it as the basis for subsequent flow refinement.

Method
In this paper, we consider emotional speech synthesis un-
der multimodal prompts. Given content, speaker, and mul-
timodal emotional prompts, HiP-ETTS aims to generate
speech that is consistent with the target emotion and aligned
with the expressive style of the target speaker. The framework
consists of two components: Shared-Specific Multimodal
Emotion Modeling, which decomposes emotional prompts
into emotion-shared and complementary emotion factors and
uses them to condition prosody prediction; and Hierarchi-
cal Emotional Prior Projection and Refinement, which
organizes content, prosody, timbre, and emotion according
to their respective properties to construct a content-stable
hierarchical emotional prior. The prior is subsequently pro-
jected into an adaptive intermediate state and refined into the
target mel-spectrogram. The overall architecture is illustrated
in Figure 1.



Figure 1: Overview of HiP-ETTS. (a) Emotional prompts are decomposed into emotion-shared and complementary emotion
factors, which are used to predict prosody codes. The content, timbre, and emotion information are fed into the duration
prediction and length regulation module. The resulting frame-level content representation, together with the prosody, timbre
and emotion conditions, is then passed to the hierarchical emotional prior projection and refinement module to generate the final
mel-spectrogram. (b) A coarse mel prior P is constructed from a content backbone and factor-specific residual offsets, projected
to an adaptive state–time (Xh, th), and refined along the remaining flow trajectory. (c) The shared stream predicts a prosodic
backbone, while the speaker-conditioned specific stream provides a residual correction. Their logits are combined using αsp.

Hierarchical Emotional Prior Projection and
Refinement

Hierarchical Emotional Prior. Conditioned on speech fac-
tors and duration information, the model first constructs a
content-stable hierarchical emotional prior P . The prior has
the same temporal resolution and dimensionality as the target
mel-spectrogram and provides a coarse mel-space represen-
tation that preserves linguistic structure while incorporating
expressive cues. It serves as the basis for adaptive state pro-
jection and flow refinement. Specifically, we organize dif-
ferent speech factors according to their functional roles and
temporal granularity. Content and prosody are modeled as
time-varying factors and represented at the frame-level as
Hf

c and Hf
p , respectively (Ren et al. 2024). In contrast, tim-

bre and emotion are represented as utterance-level global
conditions zs and ze (Du et al. 2026).

We construct the prior in a hierarchical residual form. The
content branch first predicts a base representation, while the
remaining branches produce factor-specific residual offsets.
Since prosody is a frame-level condition, it is directly com-
bined with the content representation. Timbre and emotion,
as global conditions, are instead incorporated through FiLM
modulation (Perez et al. 2018):

µc = fc(H
f
c ), ∆p = fp(H

f
c , H

f
p ),

∆s = fs(FiLM(Hf
c , zs)), ∆e = fe(FiLM(Hf

c , ze)).
(1)

Here, µc denotes the content backbone, while ∆p, ∆s,
and ∆e denote the prosodic, timbral, and emotional residual

offsets, respectively. The hierarchical emotional prior is then
formed by combining content backbone with these residual
offsets:

P = µc + λp∆p + λs∆s + λe∆e, (2)

where λp, λs, and λe are learnable scaling coefficients
for the prosody, timbre, and emotion residuals, respectively.
This hierarchical residual formulation preserves the content
backbone while allowing the remaining factors to introduce
controlled modifications. Accordingly, during training, the
hierarchical emotional prior is optimized by:

Lhep = ∥P − Y ∥1 + λa

⃦

⃦

⃦
P − P (0)

⃦

⃦

⃦

1
, (3)

where Y is the target mel-spectrogram, P (0) denotes the
prior without the emotion residual offset, and λa controls
the anchor strength. The first term aligns P with the target
mel structure, while the second constrains emotion-induced
deviations from the content-preserving prior.

Adaptive State Projection and Flow Refinement. After
obtaining the coarse mel-spectrogram prior P , our goal is to
use it as the basis for generating the target mel-spectrogram.
This coarse-to-fine perspective raises a key question: if
acoustic refinement is viewed as a generative trajectory to-
ward the target mel-spectrogram, where should the current
prior P be located on this trajectory? Since the alignment
between P and the target mel-spectrogram varies across ut-
terances, the required refinement extent also varies accord-
ingly. Therefore, using a fixed flow start time would require



the decoder to bridge different acoustic gaps under the same
starting-time assumption.

To address this issue, inspired by SFM (Yang et al. 2026a),
we introduce a shallow-state projection head that estimates an
adaptive intermediate state and its corresponding flow time.
Specifically, in parallel with the prior branch, we construct
a frame-level decoder condition C. It is similar to the con-
ditional representation used in flow-matching TTS models
such as Matcha-TTS (Mehta et al. 2024), but further inte-
grates prosody and emotion information. The shallow-state
projection head jointly maps (P,C) to an intermediate state
and its corresponding position on the flow trajectory:

Hh = fh([P,C]), Xh = P + gx(Hh), (4)

th = tmin + (tmax − tmin) · sigmoid(gt(H̄h)). (5)

Here, Hh combines the coarse acoustic structure carried
byP with the contextual refinement cues provided byC. The
predicted offset gx(Hh) projects P to an intermediate state
Xh, while th specifies its starting time on the flow trajectory
and thus the remaining refinement interval. The flow time is
estimated from the pooled representation H̄h and constrained
to [tmin, tmax] through a sigmoid function.

During training,Xh and th are supervised using geometric
projection targets in the normalized mel space. Let Pz and
Yz denote the normalized prior and target mel-spectrogram,
respectively. We project Pz onto the direction defined by Yz:

t∗ = clip

(

⟨Pz, Yz⟩

∥Yz∥22
, tmin, tmax

)

, X∗

h = µm+σm ·t∗Yz.

(6)
Here, µm and σm denote the mean and standard deviation

used for mel-spectrogram normalization, respectively. The
state objective Lstate = ∥Xh −X∗

h∥1 encourages the pre-
dicted intermediate state to match its geometric target, while
the time objective Ltime = ∥th − t∗∥

2
2 aligns the predicted

flow time with its corresponding target.
Given the intermediate state Xh and its associated flow

time th, we formulate conditional flow matching over the
remaining trajectory from X(th) = Xh to the target mel-
spectrogram X(1) = Y . Unlike standard CFM, which typ-
ically models a complete trajectory from a simple initial
distribution (Le et al. 2023), our decoder starts from the
intermediate state and models only the interval [th, 1]. Dur-
ing training, we construct a local linear path over this in-
terval. We sample u ∼ U(0, 1), map it to the flow time as
t = th + (1 − th)u, and define the corresponding state as
Xt = (1 − u)Xh + uY . Since u = (t − th)/(1 − th), dif-
ferentiating the local linear path with respect to t yields the
target velocity v∗ = (Y −Xh)/(1−th). The conditional flow
decoder predicts the velocity field from the current acoustic
state Xt, the flow time t, and the frame-level condition C.
The flow objective is defined as:

Lflow = SmoothL1 (vθ(Xt, t, C), v∗) . (7)

The flow objective Lflow, together with Lstate and Ltime,
constitutes the adaptive projection and refinement objective
Larp. At inference, the model first predicts (Xh, th) from the

prior P and condition C. Starting from X(th) = Xh, the
final mel-spectrogram is obtained by:

Ŷ = X(1) = Xh +

∫ 1

th

vθ(X(t), t, C) dt. (8)

This formulation converts full-trajectory generation into
trajectory completion from an adaptive intermediate acous-
tic state. By modeling only the remaining transition from
(Xh, th) to Y , the formulation encourages the flow decoder
to allocate its capacity to acoustic naturalness and emotional
detail while retaining the linguistic structure established by
the hierarchical prior.

Shared-Specific Multimodal Emotion Modeling

Multimodal Emotional Prompt Decomposition. To sup-
port flexible multimodal emotion control, HiP-ETTS uses
speech-derived emotion representations available during
training as supervision to align textual and visual prompts
with the acoustic emotion space through Lalign, which com-
bines an L1 loss and a cosine loss. For each utterance, a VAD
extractor1 and an Emotion2Vec encoder2 provide a spherical
emotion representation and a high-dimensional emotion em-
bedding, respectively. The former is encoded as the emotion-
shared factor Esh, while the latter provides a richer repre-
sentation of the reference speech. We therefore estimate the
shared component of the high-dimensional representation
explained by Esh and treat the remaining residual as the
complementary emotion factor:

Esp = LN(femo(e)− sg (fv→h(Esh))) , (9)

LhVAD = ∥fv→h(Esh)− sg (femo(e))∥
2
2 . (10)

Here, sg(·) denotes the stop-gradient operation. The
alignment objective LhVAD encourages fv→h to estimate
the component of the high-dimensional emotion embed-
ding explained by Esh, leaving the residual Esp to provide
complementary expressive information beyond the VAD-
conditioned prediction.

Two-Stream Emotion Prosody Predictor. Prosody is a
primary carrier of emotional expression in speech. Given
the emotion-shared and complementary emotion factors, we
introduce a two-stream emotion prosody predictor to gen-
erate segment-level prosody codes for acoustic synthesis.
The shared stream models cross-speaker emotional prosodic
structure, while the specific stream predicts a residual cor-
rection conditioned on the complementary factor and target
speaker. We first use a VQ-based prosody encoder (Jiang
et al. 2024) to extract reference prosody codes from the low-
est 20 mel bins, which emphasize prosody over phonetic
details, as training targets. The predictor models the code
sequence in a GPT-style autoregressive manner:

p(c1:S | Ω) =

S
∏

s=1

p(cs | c<s,Ω). (11)

1https://huggingface.co/audeering/wav2vec2-large-robust-12-
ft-emotion-msp-dim

2https://github.com/ddlBoJack/emotion2vec



Here, Ω = (r1:S , Esh, Esp, zs) denotes the conditioning
tuple comprising the linguistic context, emotion-shared fac-
tor, complementary emotion factor, and speaker condition.

For each segment, the shared stream predicts a cross-
speaker emotional prosodic backbone from the linguistic
context and emotion-shared factor, while the specific stream
predicts a residual correction conditioned additionally on the
complementary emotion factor and speaker condition. The
resulting logits and training objective are:

ℓshs = Fsh(c<s, r1:S , Esh), ℓ
sp
s = Fsp(c<s, r1:S , Esp, zs),

Lpd =

S
∑

s=1

[

CE
(

cs, ℓ
sh
s + αspℓ

sp
s

)

+ ηCE(cs, ℓ
sh
s )

]

.

(12)
where r1:S denotes the segment-level context representa-

tion, the learnable coefficientαsp controls the contribution of
the specific stream, and η weights the auxiliary supervision
on the shared stream.

Training Objectives. HiP-ETTS is trained in stages with
the overall objective Ltotal = Lalign + LhVAD + Lorth +
Lpd + Lhep + Larp. Here, Lalign aligns textual and visual
prompts with the audio-derived emotion space, whileLhVAD

supervises the shared-specific decomposition of the high-
dimensional emotion representation. The cosine-similarity
regularizer Lorth further reduces entanglement between tim-
bre and emotion. Lpd trains the two-stream emotion prosody
predictor, Lhep supervises the construction of the hierar-
chical emotional prior, and Larp optimizes adaptive state
projection and subsequent flow refinement.

Experiments

Experiment Setup

Dataset and Training Details. We use LibriTTS-clean (Zen
et al. 2019) for base model pre-training and our proposed
high-quality emotional speech dataset for emotional adap-
tation. Detailed statistics of the emotional speech dataset
are provided in Appendix A of the Supplementary Docu-
ment. Training is conducted in two stages. The base model
is first trained on LibriTTS-clean for 350k steps using dy-
namic batching and then fine-tuned on the emotional dataset
for 150k steps. The prosody predictor is trained separately
for 6k steps. All experiments are performed on two NVIDIA
80GB A100 GPUs.

The content encoder is based on Conformer (Gulati et al.
2020) and consists of five layers with an embedding dimen-
sion of 512. The timbre encoder is based on a CAM++ (Wang
et al. 2023) model. The prosody predictor adopts a two-
stream architecture, with each stream comprising eight causal
Transformer layers with a hidden dimension of 512. Finally,
HiFi-GAN (Kong, Kim, and Bae 2020) is used to convert the
mel-spectrograms into speech waveforms. We set the anchor
strength to λa = 0.30, constrain the adaptive flow time to
[tmin, tmax] = [0.25, 0.90], and set the shared-stream loss
weight to η = 0.30.

Evaluation Metrics. Traditional TTS evaluation com-
monly relies on subjective listening tests, whose results may

vary with evaluation criteria, experimental settings, and in-
dividual listeners, making direct comparisons across studies
difficult (Kirkland et al. 2023; Yang et al. 2026b). We there-
fore adopt a multidimensional automatic evaluation protocol.
For content fidelity, we compute corpus-level word error rate
(WER) using Whisper-Large V33. Emotional consistency is
evaluated from two complementary perspectives: the mean
concordance correlation coefficient of VAD (VAD-CCC)
measures consistency in the continuous emotion space, while
Emo-SIM computes the cosine similarity between the emo-
tion2vec (Ma et al. 2024) embeddings of generated speech
and reference samples. Since speaker embeddings may be
affected by prosodic variations, following Du et al. (Du
et al. 2026), we evaluate speaker consistency (Spk-SIM) by
comparing the embeddings of paired neutral and emotion-
conditioned utterances generated under the same conditions.
We use UTMOS (Saeki et al. 2022) to estimate acoustic qual-
ity, and AutoPCP (Barrault et al. 2023) together with the F0
Pearson correlation coefficient (F0-PCC) to assess prosodic
consistency. To evaluate computational efficiency, we further
report the total number of parameters (Params), real-time
factor (RTF), and peak GPU memory usage (Peak Mem.),
which measure model size, inference speed, and memory
efficiency, respectively.

Baselines. We compare HiP-ETTS with representative
and available zero-shot emotional TTS methods according
to their emotion control conditions. For text prompts, we
select the LLM-based EmoVoice (Yang et al. 2025a) and
CosyVoice2 (Du et al. 2024). For audio prompts, we compare
with MaskGCT (Wang et al. 2025b) and SparkTTS (Wang
et al. 2025a), both of which can transfer the emotional style
of reference speech. For facial prompts, we compare with
FaceTTS (Lee, Chung, and Chung 2023), a diffusion-based
TTS model conditioned on facial images. All baselines are
evaluated using their officially released checkpoints and in-
ference settings. Through these comparisons, we evaluate
the emotional consistency and content fidelity of HiP-ETTS
across different control modalities.

Performance Comparison

We compare HiP-ETTS with representative previous models
for each emotion prompt, as shown in Table 1, with a focus
on content fidelity and emotion consistency.

Content Fidelity: HiP-ETTS achieves lower or compara-
ble WER across all emotion prompts. Compared with the
next-best method, HiP-ETTS yields relative WER reduc-
tions of 55% and 79% for audio and visual prompts, re-
spectively. This is attributed to its content-stable hierarchical
emotional prior, which controllably incorporates emotional
information while preserving linguistic content, thereby re-
ducing prompt-induced interference. Under the text-prompt
condition, HiP-ETTS achieves a WER comparable to that of
CosyVoice2. The slight WER advantage of CosyVoice2 may
stem from its large-scale text-conditioned training. However,
the stronger emotion consistency of HiP-ETTS reflects a
more favorable trade-off between content fidelity and emo-
tional expression.

3https://huggingface.co/openai/whisper-large-v3



Prompt Model WER↓ VAD-CCC↑ Emo-SIM↑ Spk-SIM↑ UTMOS↑ AutoPCP↑ F0-PCC↑

– GT 2.57% – – – 3.156 – –

Audio
HiP-ETTS 2.98% 0.760 0.768 0.723 3.297 3.282 0.433
MaskGCT 6.59% 0.676 0.666 0.535 3.283 3.232 0.389
SparkTTS 9.27% 0.641 0.611 0.527 3.889 3.081 0.445

Text
HiP-ETTS 2.99% 0.730 0.669 0.744 3.313 3.257 0.451
EmoVoice 5.96% 0.434 0.584 0.761 3.774 3.228 0.371
CosyVoice2 2.56% 0.383 0.587 0.687 3.817 3.178 0.400

Visual
HiP-ETTS 3.11% 0.439 0.518 0.730 3.140 2.988 0.505
FaceTTS 14.50% 0.179 0.416 – 2.293 2.151 0.190

Table 1: Performance comparison of zero-shot emotional TTS models. “GT” refers to real speech samples. The best results are
shown in bold, and the second-best results are underlined.

Model Params↓ RTF↓ Peak Mem.↓

HiP-ETTS 236.9M 0.21 1.3 GiB
EmoVoice 675.0M 0.44 3.9 GiB
CosyVoice2 775.3M 0.64 2.6 GiB
MaskGCT 1645.0M 0.90 8.5 GiB
SparkTTS 662.9M 0.92 3.9 GiB
FaceTTS 68.6M 0.09 0.5 GiB

Table 2: Model size and inference efficiency. All efficiency
metrics are measured under the same inference setting. The
best results are shown in bold, and the second-best results
are underlined.

Emotion Consistency: Across all prompts, HiP-ETTS
achieves the highest VAD-CCC and Emo-SIM, demonstrat-
ing its effective modeling of continuous emotional states
and fine-grained emotional expressions. Under audio prompt,
which provide the richest emotional information, its VAD-
CCC and Emo-SIM reach 0.760 and 0.768, respectively,
clearly outperforming MaskGCT and SparkTTS and indi-
cating more effective extraction of the target emotion from
reference speech. For text and visual prompts, which lack di-
rect acoustic emotion cues, HiP-ETTS also maintains strong
performance, showing that its fine-grained emotion model-
ing can transform abstract semantic and static visual cues
into effective emotional conditions for speech generation.
These advantages are also reflected in the prosody that carries
emotional expression. HiP-ETTS achieves the highest Au-
toPCP across all prompts and the highest F0-PCC under text
and visual prompts, indicating better preservation of overall
rhythm, stress, and intonation. Although SparkTTS obtains a
slightly higher F0-PCC under audio prompts, HiP-ETTS per-
forms better on AutoPCP, suggesting that our model captures
the overall prosodic structure rather than merely reproducing
frame-level pitch contours.

Speaker Consistency and Acoustic Quality: Under audio
and text prompts, HiP-ETTS achieves the best or near-best
Spk-SIM, indicating that speaker identity remains stable dur-
ing emotional modulation. Since FaceTTS cannot vary emo-
tion independently while keeping other conditions fixed, we

do not report its Spk-SIM. HiP-ETTS does not show a clear
overall advantage in UTMOS (we note that, among these
baselines, higher UTMOS scores do not necessarily trans-
late into better performance in content, emotion, or prosody).
Compared with baselines that benefit from larger model
scales and broader pretraining, HiP-ETTS obtains slightly
lower UTMOS scores. Nevertheless, our primary objective
is to achieve more expressive emotion control while main-
taining low WER, and Hip-ETTS demonstrates clear advan-
tages in content fidelity, emotional consistency, and prosodic
modeling.

Inference Efficiency: As shown in Table 2, HiP-ETTS
contains 236.9M parameters, achieves an RTF of 0.21, and
requires only 1.3 GiB of peak GPU memory. Compared with
the audio- and text-conditioned baselines, HiP-ETTS reduces
the parameter count by 64%–86%, provides 2.2–4.5× faster
inference, and substantially lowers memory consumption.
Although FaceTTS is smaller and faster, it supports only vi-
sual prompting and performs considerably worse in content,
emotion, and prosody metrics. Overall, HiP-ETTS supports
unified multimodal emotion control at a relatively low com-
putational cost while maintaining strong generation perfor-
mance.

Ablation Study

We conduct ablation experiments on the key components of
HiP-ETTS, with the results shown in Table 3. We discuss the
results by component, focusing primarily on their effects on
content fidelity and emotional consistency.

Emotion Prompt Decomposition. To analyze the role of
the complementary emotion factor, we replace Esp with that
extracted from another speaker’s utterance with the same
emotion category and similar VAD values, thereby mini-
mizing the effects of category and intensity conflicts. This
intervention causes only minor degradation in WER and
VAD-CCC, whereas Emo-SIM drops markedly from 0.768
to 0.707. This suggests that, even when the emotion category
and continuous emotional state are preserved, a mismatched
complementary emotion factor still weakens the reproduc-
tion of the target emotional expression. These results suggest
that the complementary emotion factor provides reference-
dependent expressive cues beyond the VAD-conditioned pre-



Figure 2: Representative cases near the 25th and 75th per-
centiles of prior error. The higher-error prior receives a larger
state correction ∆X = Xh−P and a longer remaining flow
interval 1 − th. Positive ∆imp indicates regions where re-
finement brings the output closer to the target.

diction, while the emotion-shared factor primarily represents
the overall emotional state.

Two-Stream Emotion Prosody Predictor. To evaluate
the two-stream emotion prosody predictor, we replace it
with a separately trained single-stream predictor that jointly
receives all emotion factors. Under the same budget, the
single-stream variant only moderately increases WER from
2.98% to 3.51%, but substantially reduces VAD-CCC and
Emo-SIM from 0.760 and 0.768 to 0.439 and 0.566, respec-
tively. This suggests that the single stream preserves linguis-
tic content but struggles to jointly capture continuous emo-
tional states and fine-grained emotional expressions. In con-
trast, the two-stream design assigns cross-speaker emotional
prosodic structure and complementary expressive variations
to complementary streams, allowing the shared and specific
components of the factorized emotion representation to be
modeled at appropriate levels.

Hierarchical Emotional Prior. To examine the contri-
bution of the emotion residual offset in the hierarchical
prior, we remove ∆e while keeping all other emotion path-
ways unchanged. This intervention causes only minor degra-
dation in WER and VAD-CCC, whereas Emo-SIM drops
markedly from 0.768 to 0.674. VAD-CCC mainly reflects
coarse-grained global acoustic tendencies of emotion, such
as overall energy, speaking rate, and pitch patterns, which
can still be conveyed through the remaining emotion path-
ways. In contrast, Emo-SIM is more sensitive to fine-grained
acoustic realizations. Its substantial decrease therefore indi-
cates that injecting the emotion residual offset into the hi-
erarchical prior contributes target-specific acoustic emotion
details that cannot be fully recovered through the remaining
pathways. The limited change in WER further suggests that
this residual pathway enhances emotional realization while
preserving linguistic content.

Variant WER↓ VAD-CCC↑ Emo-SIM↑

Full 2.98% 0.760 0.768

Shuffled-SpecificE 3.13% 0.750 0.707
Single-StreamP 3.51% 0.439 0.566
w/o Emo. ResidualH 3.11% 0.754 0.674
Fixed TimeA 3.23% 0.746 0.709
No State OffsetA 2.98% 0.728 0.666
Prior-OnlyF 2.62% 0.653 0.663

Table 3: Ablation results of HiP-ETTS in terms of content
fidelity and emotional consistency. Except for the separately
trained Single-Stream variant, all ablations are implemented
as inference-time interventions. The superscript attached to
each variant identifies the component group being examined:
E for emotion prompt decomposition,P for two-stream emo-
tion prosody predictor, H for hierarchical emotional prior, A
for adaptive projection, and F for flow refinement.

Adaptive Projection. To disentangle the roles of state and
time prediction, we introduce two inference-time interven-
tions. Fixed Time replaces the adaptive th with its test-set
mean value while retaining Xh, whereas No State Offset sets
Xh = P while retaining th. Fixed Time increases WER from
2.98% to 3.23% and reduces Emo-SIM from 0.768 to 0.709,
indicating that a uniform refinement interval cannot accom-
modate sample-dependent refinement demands. Removing
the state offset further reduces Emo-SIM to 0.666 while
leaving WER nearly unchanged, suggesting that shallow-
state projection primarily corrects the prior state to facilitate
subsequent emotional acoustic refinement without compro-
mising linguistic content. Figure 2 further illustrates their
joint adaptive behavior using representative cases near the
25th and 75th percentiles of prior error: the higher-error prior
receives both a larger state correction and a longer remaining
flow interval. Overall, shallow-state projection determines
the acoustic starting state, while time prediction controls the
remaining refinement interval.

Flow Refinement. To examine the contribution of the re-
finement stage as a whole, we directly feed the hierarchical
prior P into the vocoder, bypassing both adaptive projec-
tion and flow generation. Prior-Only achieves a lower WER
of 2.62%, but its VAD-CCC and Emo-SIM decrease from
0.760 and 0.768 to 0.653 and 0.663, respectively. This result
shows that the hierarchical prior already provides a clear and
content-stable acoustic structure, but remains conservative
in emotional realization. The subsequent projection and flow
refinement substantially enriches continuous emotion states
and fine-grained emotional expression, while maintaining a
low WER of 2.98%. Thus, the prior primarily anchors lin-
guistic structure, whereas the downstream refinement stage
converts it into a more expressive acoustic realization.

Conclusion

We presented HiP-ETTS, a multimodal emotional TTS
framework that decomposes prompt-derived emotion into
emotion-shared and complementary emotion factors for fine-



grained emotion modeling. By combining a content-stable
hierarchical prior with adaptive state projection and flow re-
finement, HiP-ETTS improves emotional consistency while
preserving linguistic content across different prompt modal-
ities. Overall, HiP-ETTS provides an efficient solution for
expressive multimodal emotional speech synthesis without
sacrificing linguistic fidelity. Future work will examine ro-
bustness to noisy or adversarial multimodal cues while pre-
serving content fidelity and emotion consistency.
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