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Abstract—Existing expressive text-to-speech (TTS) systems
primarily model a limited set of categorical emotions, whereas
human conversations extend far beyond these predefined emo-
tions, making it essential to explore more diverse emotional
speech generation for more natural interactions. To bridge this
gap, this paper proposes a novel prompt-unseen-emotion (PUE)
approach to generate unseen emotional speech via emotion-
guided prompt learning. PUE is trained utilizing an LLM-TTS
architecture to ensure emotional consistency between categorical
emotion-relevant prompts and emotional speech, allowing the
model to quantitatively capture different emotion weightings
per utterance. During inference, mixed emotional speech can
be generated by flexibly adjusting emotion proportions and
leveraging LLM contextual knowledge, enabling the model to
quantify different emotional styles. Our proposed PUE success-
fully facilitates expressive speech synthesis of unseen emotions in
a zero-shot setting.

Index Terms—LLM, speech synthesis, emotion, zero-shot TTS.

I. INTRODUCTION

HUMANS naturally produce speech with a wide range of
emotional variations [1]–[6]. Expressive speech synthe-

sis seeks to capture this diversity by converting text into speech
that not only sounds human but also conveys a genuine emo-
tional tone [7]–[12]. To generate genuinely realistic expressive
speech, expressive text-to-speech (TTS) systems must account
for a range of factors that extend beyond the textual content
alone [13]–[17].

These include subtle ways in which multiple emotions are
expressed through the intricate interplay of human emotional
characteristics and the robustness of the model [18]–[20],
especially given that humans are capable of experiencing
approximately 34,000 distinct emotions and even multiple
emotional states simultaneously [21]–[23]. For instance, hu-
mans naturally feel mixed emotions in their daily life, such as
attending a child’s wedding can evoke both happiness seeing
their child embark on a new journey and a poignant sense
of loss [24]. This underscores the importance of emotional
TTS models that can accurately simulate the co-occurrence of
diverse emotional states to reflect human experiences [24].
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Expressive speech synthesis has been extensively studied
relying on the data-driven training approaches, including
Tacotron [7], [10], [17], [25], long-short-term memory net-
work [26], [27], FastSpeech [8]–[10], [12], [16], VITS archi-
tecture [28], diffusion models [11], flow-matching models [15]
and large language model (LLM)-based systems [29], [30],
[30], [31]. These data-driven approaches rely on learning
the temporal emotional structure of a fixed set of speech
emotions, typically limited to at most eight categories in
existing emotional TTS databases. As a result, their expres-
siveness is constrained, as the synthesized speech is restricted
to reproducing only the emotion types present in the training.

Although these methods excel in generating emotional
speech for specific categories such as anger, happiness, sad-
ness, and surprise, the generation of unseen emotional expres-
sions, such as disappointment, remains an open challenge [15],
[26]–[28]. Existing methods are still struggling to capture
complex unseen emotional styles needed for real-world ap-
plications [7], [10], [17], [25]. One particularly challenging
aspect is generating mixed-emotion speech, which requires
modeling intricate combinations of emotional expressions.

In line with this, the emotion wheel theory proposes that all
emotions stem from eight primary emotions: anger, fear, sad-
ness, disgust, surprise, anticipation, trust, and happiness [32].
The remaining 34,000 emotional states are viewed as mixed
or derivative forms of these foundational categories [32]. For
instance, disappointment can be conceptualized as a blend
of surprise and sadness [24], [33]. The only prior work for
mixed emotional TTS employs a VITS-based framework with
a relative scheme [24], which, although constrained in speech
quality, provides valuable insights for this study. In contrast,
other mixed-emotion generation methods focus on emotional
voice conversion [34], which takes speech as input rather than
text, making it fundamentally different from emotional TTS
while still providing relevant insights for this work.

Motivated by the success of in-context learning abilities
in LLMs [35]–[38] and the need to model more diverse
emotional styles that go beyond predefined emotional cat-
egories [24], we propose a prompt-unseen-emotion (PUE)
approach with emotion-guided prompt learning technique to
capture the nuanced characteristics of mixed emotional ex-
pressions. Emotion-guided prompt learning is designed to
capture and quantify different emotional styles by modeling
the emotional proportions embedded within the prompts. PUE
is trained using an LLM-based TTS architecture, which condi-
tions the emotional context on speech generation to maintain
emotional consistency between the contextual prompts and the
corresponding speech data. By incorporating various emotion
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Fig. 1. An overview of the proposed PUE approach: (a) the PUE training process and (b) the PUE inference process.

style descriptions into the emotion-relevant contexts, the PUE
leverages the LLM’s in-context learning capabilities to learn
the distribution of different emotional proportions for each
utterance. This enables the generation of unseen emotions
by adjusting the emotion proportions in the prompts during
inference, offering flexibility in emotional expression.

The main contributions of this paper are as follows: (a)
the proposed PUE method is the first to leverage the in-
context learning capabilities of LLMs through prompting for
the purpose of expressive speech generation of unseen emotion
types that are challenging to obtain in real-world datasets;
(b) PUE facilitates zero-shot expressive speech synthesis by
simply modifying emotion-relevant prompts during inference,
enabling mixed-emotion speech synthesis without the need
for additional training on new emotion categories; and (c)
Extensive objective and subjective evaluations demonstrate
that PUE outperforms baseline methods, achieving superior
mixed-emotion speech generation.

II. METHODOLOGY-PUE
We propose PUE, an expressive speech synthesis method

that incorporates emotion-guided prompt learning within an
LLM-based TTS architecture (Fig. 1).

A. Overview
PUE generates emotional speech conditioned on both tex-

tual content and specified emotional inputs, with a particular
focus on synthesizing mixed emotions that are not encoun-
tered during training. This method combines emotion-guided
prompts with an LLM-based TTS network, optimized to
maximize the likelihood of producing a speech token sequence
that accurately reflects the emotional cues provided by the
emotion-guided instructional data, as illustrated in Fig. 1.

B. Emotion-guided Prompt Learning
We propose leveraging emotion-guided prompt learning

with an LLM-TTS neural architecture θ to take advantage
of the instruction-following abilities and in-context learning
capabilities from LLMs using paired emotional textual and
speech data. Each training instance is structured as:

di ∈ De = EP<EOP>ti<T>si<E> (1)
where EP , ti, si, <EOP>, and <T> represent the emotion-

guided prompts, the textual token sequence, the emotional

speech token sequence corresponding to the current emotion,
the-end-of-prompt token marking the end of emotion-guided
knowledge trigger, the turning token from text to speech,
and the-end-of-sequence token, respectively. To enable mixed-
emotion contextual prompt learning, we propose conditioning
the LLM-TTS model with diverse emotion styles by formulat-
ing the emotion-guided prompt EP as “A man/woman speaks
an utterance with α percent happy emotion, β percent sad
emotion, γ percent neutral emotion, ϵ percent angry emotion,
and λ percent surprise emotion.” The LLM-TTS architecture
contains a speech tokenizer and an emotion-prompted LLM-
TTS model with a text encoder and an auto-regressive LLM
decoder. The tokenizer encodes speech into discrete emotional
token sequences, while the auto-regressive LLM decoder pre-
dicts the emotion-relevant probability distribution of emotional
speech tokens across varying emotion styles.

Emotion-guided prompts are automatically constructed by
assigning different scalars to the emotion-relevance param-
eters based on the emotional category in the dataset. This
facilitates the implicit modeling of mixed-emotion generation
through the instruction-following capabilities inherent to large
language models. Through this mechanism, the proposed PUE
is contextually guided with the weightings of various emotion
proportions per utterance in a quantitative manner, allowing
finer control over the emotional composition of each utterance.
Given the high cost of collecting and annotating mixed-
emotion speech data, our PUE offers substantial flexibility for
zero-shot expressive speech generation without requiring such
data during training.

C. PUE Training Objective
Motivated by the success of label smoothing Kullback-

Leibler loss in speech generation [39], we employ an emotion-
guided Kullback-Leibler loss to minimize the divergence be-
tween the emotional probability distribution predicted by θ,
denoted as Pθ, and the target emotional distribution P :

LPUE = KL(Pθ||P ),

KL(Pθ||P ) = Edi∼De

[
p(si|EP, ti) log

p(si|EP, ti)

pθ(si|EP, ti)

]
(2)

Here, the emotional speech tokens si are first extracted from
a pretrained speech tokenizer, and θ learns to predict the
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TABLE I
OBJECTIVE EVALUATION RESULTS COMPARISON OF THE PROPOSED PUE

WITH BASELINES ON SPEECH INTELLIGIBILITY IN TERMS OF SPEECH
INTELLIGENCE THROUGH WER.

TTS Models mix [24] cosy [39] PUE

original test 32.59 51.85 26.67
surprise + 30% others 32.59 47.41 25.19
surprise + 60% others 31.11 42.22 25.93
surprise + 90% others 27.41 39.26 25.93

probability distribution of these tokens conditioned on the
emotion-guided prompts EP and text ti. The target distri-
bution P corresponds to the emotion proportions specified in
the prompts. Although the training data only contain single-
emotion utterances (e.g., 100% angry, 0% happy, 0% sad),
the model is explicitly informed of both present and absent
proportions through the prompts. This allows θ to associate
numerical proportions with emotional styles and, during infer-
ence, generalize to mixed-emotion rendering by adjusting the
prompt weights. In this manner, θ learns to produce the mixed-
emotion speech token sequences that are consistent with the
emotion-relevant contexts provided in the input instruction,
ensuring that the generated expressive speech captures the
weighting of emotion mixture contexts as indicated by EP .
During inference, emotion-guided prompts can be adjusted by
assigning different values to α, β, γ, ϵ and λ, which define
the proportions of relative emotion styles, thus facilitating the
generation of mixed-emotion speech.

III. EXPERIMENTS

We employ Cosyvoice-300M-Instruct model (cosy) [39] and
the Mixed Emotion model (mix) [24] as strong baselines where
no speech prompts are employed. For both cosy and our
proposed PUE model, a pretrained flow-matching model and a
pretrained HiFi-GAN vocoder [39] are used during inference.
Man and woman in Equation (2) are decided by the gender
of the desired speech output. PUE is trained for one epoch
using dynamic batching on four GPUs, whose LLM-based
TTS model, the speech tokenizer, and the text encoder are
initialized from CosyVoice, maintaining the same architectural
configurations. Following [24] during inference, we generate
zero-shot mixed-emotional speech by combining a primary
emotion (surprise) with three other emotions (happy, angry,
and sad) by setting α as 30/60/90, setting β as 30/60/90,
setting γ as 0, setting ϵ as 30/60/90, and setting λ as 100,
resulting in the mixed emotions of delight (surprise+happy),
outrage (surprise+angry), and disappointment (surprise+sad),
respectively. These mixed emotions are considered more easily
perceivable by listeners as indicated in psychological stud-
ies [22], [24], [32]. To compare with the mix baseline [24], we
use the same two English speakers (0019: female, 0013: male)
from the ESD dataset [40], covering five emotions: neutral,
angry, happy, sad, and surprise. Each speaker provides 350
utterances per emotion (1,750 total with about 1.2 hours). We
follow the official train/validation/test splits [40] and the mix
baseline setup [24], with 30 and 20 utterances per emotion
in the validation and test sets, respectively. As the dataset
contains only single-emotion labels, we set the corresponding
emotion parameter (e.g., α for happy) to 100 and others to 0.

Subjective Evaluations: we conduct comprehensive sub-
jective evaluations with 18 listeners to compare our proposed

TABLE II
BWS RESULT COMPARISON OF THE PROPOSED PUE APPROACH ON

MIXING 100 % SURPRISE WITH ANGER AT VARYING LEVELS OF ANGRY.

Outrage: perception of angry Best Outrage% Worst Outrage%

Mix surprise with 0% angry 5.56 80.56
Mix surprise with 30% angry 0 2.78
Mix surprise with 60% angry 0 11.11
Mix surprise with 90% angry 94.44 5.56

PUE with baseline systems. (1) AB Preference Tests: listeners
select the preferred sample between two systems (A vs. B)
based on emotional speech quality. Two tests are conducted:
cosy vs. PUE and mix vs. PUE, each with 24 balanced
emotion samples, which cover both single emotion samples
and mixed-emotion samples. In mixed samples, surprise is
combined with varying proportions of angry, sad, and happy
emotions (e.g., surprise + 30% angry, surprise + 60% angry,
and surprise + 90% angry). (2) Best-worst Scaling (BWS)
Tests: listeners identify the most and least preferred samples
in sets mixing 100% surprise with varying levels of anger
(0%, 30%, 60%, 90%), based on perceived emotional style.
(3) Mean Opinion Score (MOS) Tests: listeners rate overall
speech quality (1 bad–5 excellent) for mixed-emotion expres-
sions (outrage, disappointment, delight) generated by PUE,
cosy, and mix. MOS tests also evaluate PUE for surprise +
0/30/60/90% of other emotions.

Objective Evaluations: we use Whisper-Large-v3 [41] to
assess intelligibility by computing WER across: (1) single-
emotion test data; (2) surprise mixed with 30%, 60%, and
90% of angry, happy, or sad emotions.

IV. RESULTS AND DISCUSSION

We evaluate PUE on emotional speech intelligibility, single
and mixed emotion rendering, emotion-guided prompt learn-
ing, and zero-shot synthesis of unseen emotional speech.

A. Speech Intelligibility and Single Emotion Generation
Objectively, PUE achieves the highest intelligibility across

all emotions in the test set (Table I), highlighting PUE’s
effectiveness in producing clearer emotional speech while
preserving the linguistic content. Subjectively, Fig. 2 shows
PUE surpasses both mix and cosy baselines in perceived
quality, confirming its effectiveness in modeling high-quality
single-emotion speech.

B. Mixed Emotion Rendering
1) Objective Evaluation: PUE consistently achieves lower

WERs across all mixed-emotion cases (Table I), demonstrat-
ing its ability to generate more intelligible mixed-emotion
speech. The WER values remain more than 20% because
mixed-emotion generation, particularly for unseen emotional
combinations, is inherently difficult and pushes the limits of
current TTS models.

2) Subjective Evaluation: BWS results (Table II) show that
94.44% of listeners identified the mixed-emotion speech con-
taining 90% anger as expressing the strongest sense of outrage
compared to versions with lower anger proportions (30% and
60%). 80.56% of participants perceived the nonmixed anger
(0%) utterance as the weakest expression of outrage. These
demonstrate the controllability of mixed emotion rendering
through proportion adjustment. Minor listener disagreement
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Fig. 2. AB preference test results with 95% confidence interval comparing
PUE with mix and cosy on seen single emotional speech samples. NP: no
preference.

Fig. 3. AB preference test results with 95% confidence interval comparing
mix vs. our PUE with 100% surprise mixed in varying proportions: 30%,
60%, and 90% for angry, sad, and happy. NP: no preference.

TABLE III
MOS RESULTS COMPARISON WITH 95% CONFIDENCE INTERVAL OF OUR
PUE UNDER DIFFERENT TEST CASES: ORIGINAL TEST DATABASE; 100%

SURPRISE MIXED WITH VARYING PROPORTIONS OF OTHER EMOTIONS:
30%, 60%, AND 90% FOR ANGRY, SAD, OR HAPPY.

Prompt unseen emotions MOS

Mix surprise with 30% angry/sad/happy 3.12±0.16
Mix surprise with 60% angry/sad/happy 2.50±0.13
Mix surprise with 90% angry/sad/happy 3.57±0.18

(5.56%) reflects subjective variability likely due to inter-
listener variability or the inherent subjectivity of emotional
perception. MOS tests (Table III) reveal that the perceptual
quality of mixed-emotion speech varies with the proportion
of the secondary emotion. Mixing surprise with 30% of
another emotion yields moderate quality (3.12), while 60%
results in lower naturalness (2.50), likely due to perceptual
ambiguity. The best quality is achieved at 90% (3.57), where
the secondary emotion becomes more salient and easier to
recognize. MOS tests (Table III) further show the best quality
when surprise is combined with 90% of another emotion,
outperforming lower mixing ratios. This further supports that
increasing the proportion of secondary emotions enhances the
perception of the target emotion, demonstrating the effective-
ness of PUE model nuanced emotional blends via flexible
parameter settings.

C. Effectiveness of Emotion-guided Prompt Learning
To evaluate the speech quality of the generated mixed-

emotion speech, we further conduct AB preference tests com-
paring our PUE against baselines (Fig. 3 and Fig. 4).

1) PUE vs. mix: Fig. 3 shows listener preferences compar-
ing PUE and the mix baseline across combinations of surprise
with angry, sad, and happy at 30%, 60%, and 90% mix ratios.
PUE is consistently preferred across all tested configurations,
with the highest preference (87.04%) for surprise + happy.
This suggests the effectiveness of the proposed emotion-
guided prompt learning mechanism in generating perceptually
superior mixed emotional speech, especially for acoustically
compatible emotions like surprise and happy, which share
prosodic traits such as high pitch and energy.

Fig. 4. AB preference test results with 95% confidence interval comparing
cosy vs. our PUE with 100% surprise mixed in varying proportions: 30%,
60%, and 90% for angry, sad, and happy. NP: no preference.

Fig. 5. Comparison of subjective evaluation results for MOS tests with 95%
confidence interval across cosy, mix, and the proposed PUE models on three
unseen emotions: outrage (surprise + 90% angry), disappointment (surprise +
90% sad), and delight (surprise + 90% happy).

2) PUE vs. cosy: PUE also outperforms the cosy baseline
across all three emotion blends (Fig. 4). For surprise + happy,
PUE again achieved the highest preference 81.48% versus
11.11% for cosy, reinforcing earlier findings from comparisons
with the mix baseline. These consistent results confirm the
effectiveness of prompt-based emotion conditioning in learn-
ing the interplay between different emotions, yielding speech
that is more natural, emotionally rich, and preferred by human
listeners over existing baseline systems.

D. Zero-shot Unseen Emotional Speech Synthesis
We further assess the zero-shot ability of PUE using three

unseen composite emotions: outrage (surprise + 90% angry),
disappointment (surprise + 90% sad), and delight (surprise +
90% happy). Fig. 5 reports MOS scores, comparing PUE with
cosy and mix baselines. PUE achieves the highest MOS across
all cases, underscoring its zero-shot generalization strength.
The superior performance reflects the compositional strength
of emotion-guided prompts, which allow PUE to model un-
seen emotions by leveraging known emotion components and
synthesize novel emotional states in a controllable manner.
The best MOS of 3.25 highlights the inherent challenge of
modeling unseen emotional speech, which we will address in
future work through potential self-training and data augmenta-
tion strategies. Synthesized samples are available at the link1.

V. CONCLUSION
This paper presents an innovative PUE approach for expres-

sive speech synthesis through emotion-guided prompt learning
on an LLM-TTS architecture. The proposed PUE significantly
advances expressive TTS systems by enabling the generation
of unseen emotional speech through modifying categorical
emotion-relevant prompts, eliminating the need for additional
training on new emotion categories. Both subjective and ob-
jective evaluations demonstrate that PUE outperforms state-of-
the-art baselines, demonstrating its effectiveness in capturing
diverse emotional nuances and facilitating zero-shot emotion
generation.

1https://xiaoxue1117.github.io/PUE/
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