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Abstract

Current text-to-speech (TTS) models can produce natural
speech but often fail to synthesize long-form speech properly
when only sentence-level corpus is available. The failure is
mainly due to 1) poor length generalization of the acoustic
model, 2) lack of appropriate pause marks in the inference
text, and 3) absence of contextual information during training.
We propose Content Extrapolation, which includes introduc-
ing Moving Average Equipped Gated Attention (MEGA) to im-
prove the model’s generalization for addressing 1) and present-
ing the Global-information-enhanced Classification Pause In-
sertion model (GCPI) to address 2). For 3), we propose LLM-
based Contextual Enrichment (LLM-CE) to generate multiple
sets of different contexts. Experiments show that the proposed
methods solve the above issues and successfully generate long-
form speech with clear pronunciation and natural prosody using
only sentence-level corpus, reducing training costs.

Index Terms: text-to-speech, MEGA, pause insertion, LLM,
contextual enrichment

1. Introduction

Neural text-to-speech (TTS) models [1-8] aim to generate
human-like speech from text inputs. With the emergence of
various TTS applications, there is an increasing demand for
long-form speech synthesis. ParaTTS [9], building upon the
GMM attention-based Tacotron2 [10], introduces three distinct
context encoders to enhance the prosody of synthesized long-
form speech. Since the modified Tacotron2 proposed in [10]
has good length extrapolation capabilities, ParaTTS achieves
sentence-level training and paragraph-level inference, reducing
the computational resources required for training. Nonetheless,
such autoregressive models suffer from slow inference speed
and an inability to control the prosody of synthesized speech.
Employing FastSpeech2 as the backbone, [11-18] proposes di-
verse context encoders to extract contextual information from
input paragraphs or previously acoustic features, fostering co-
herence between synthesized sentences. However, these mod-
els face generalization issues and lack length extrapolation abil-
ity. When only sentence-level corpus is available, synthesized
speech from these models exhibits catastrophic problems such
as mispronunciation, erratic duration, and irregular pitch.
Another issue in synthesizing long-form speech is the ab-
sence of appropriate pauses in the input text during inference.
Human speakers usually insert pauses when delivering long
speeches or readings to take a breath or better express their
emotions [19]. Depending on the insertion locations, these
pauses can be categorized into respiratory pauses (RPs) [20]
and punctuation-indicated pauses (PIPs). Phoneme alignment
before TTS training adds corresponding RPs to the input text.

In the inference phase, the input text lacks these pauses due to
the inability to align, diminishing the generated speech’s natu-
ralness. [19,21] utilize BERT [22] and BiLSTM [23] to predict
these pauses, but the prediction accuracy is still low.

The final problem in long-form speech synthesis is the lack
of contextual information to guide the synthesis process, result-
ing in synthesized speech that sounds less natural and coherent.
Recently, Large Language Models (LLMs) have achieved sig-
nificant success in natural language processing (NLP) [24-26],
leading to increased interest in utilizing LLMs for research tasks
in other domains. [26, 27] respectively utilize context informa-
tion and text descriptions generated by LLMs to enhance the
accuracy of visual question answering and zero-shot image clas-
sification. [28] employs LLMs to correct errors in automatic
speech recognition (ASR) N-best decoding results, significantly
reducing word error rates (WER). Meanwhile, [29] explores us-
ing ChatGPT for emotion control in dialogue speech synthesis.
However, no related work is currently on enhancing long-form
TTS using LLM:s.

To address the above issues, this paper proposes Content
Extrapolation and LLM-based Contextual Enrichment (LLM-
CE), enabling TTS models to synthesize long-form speech ro-
bustly using only sentence-level corpus. In Content Extrapo-
lation, we introduce one of the state-of-the-art (SOTA) long
sequence models, Moving Average Equipped Gated Attention
(MEGA), to form the MEGA Encoder and Decoder, enhanc-
ing the acoustic model’s generalization for synthesizing long-
form speech. Additionally, we present the Global-information-
enhanced Classification Pause Insertion model (GCPI) to in-
sert pauses into the text during inference. Finally, the proposed
LLM-CE utilizes LLM to generate multiple sets of contexts for
the sentence-level corpus to guide the model training.

Objective and subjective experiments show that our pro-
posed method can robustly synthesize about 1 minute of long-
form speech using training data of only 2-7 seconds per sample.
Furthermore, through ablation experiments, we validate the ef-
fectiveness of each module in the proposed method'. The con-
tributions of this study are as follows:

e We propose Content Extrapolation, including the MEGA-
based Encoder and Decoder, as well as GCPI.

o MEGA of Content Extrapolation enhances the model’s
generalization, enabling it to robustly synthesize long-form
speech with clear pronunciation and successfully reducing the
training costs of long-form TTS.

e GCPI of Content Extrapolation more accurately inserts
pauses into text during inference, improving the prosody of syn-
thesized speech.

o LL.M-CE is proposed, which enables the model to gain the
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Figure 1: Overview of the proposed method. The gray dashed line is only executed during inference.

ability to capture contextual information when only sentence-
level corpus is available, reducing training costs while maxi-
mizing the naturalness of synthesis.

2. Proposed method

As shown in Fig. 1(a), our proposed model is built upon Fast-
Speech2. In this architecture, the Content Extrapolation com-
prises MEGA Encoder, MEGA Decoder, and GCPI. Next, we
will introduce the details of the proposed modules respectively.

2.1. MEGA Encoder & Decoder

Transformer has shown remarkable performance across various
domains, but it is difficult to handle long sequence tasks [30].
MEGA, first proposed in [31], is a new attention that can model
long context sequences, mainly composed of multi-dimensional
damped exponential moving average (MDDEMA) and single-
head gated attention (SHGA). MEGA has demonstrated SOTA-
level performance in long sequence modeling tasks such as orig-
inal speech classification and image classification.

Specifically, we introduce MEGA to replace the self-
attention in the original FastSpeech2, forming the MEGA En-
coder and Decoder to process input sequences and achieve
length extrapolation. Given an input X = {@1, @2, ...,xL} €
RE*P and output Y = {y1,¥y2,...,yr.} € R¥*P, the MD-
DEMA can be defined as follows:

w? = w080 +(1-a0d)ou? ()
u? = @

where mid) € Rand yéd) € R represent the d-th dimension

element of the input ; and output y;, respectively. ugd) cRY
is the EMA hidden state, and ©® is the element-wise product.
Then, the output of MDDEMA is combined with the atten-
tion mechanism. Let X’ € R“* be the output of EMA. The
SHGA output can be calculated as:
+ brel> ;

QK"
o = -
(%50
where Q, K is computed by X', V is computed by X, and
b, is the rotary positional embeddings[26]. The reset gate
and the update gate ¢ are designed to integrate the EMA output
X' and the attention output O:
Y ¢silu (X/W'y + b’y)

[ ¢sigmoid (X,W<p + b¢) .
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Finally, we can compute the candidate output H e RY*P
and the MEGA output Y € REXP:

H Gsitu (X' Wh + (v © O) Un + by) (6)
Y = 90H+(1-¢9)0X. (7
2.2. GCPI

Inserting suitable pauses into long-form speech is crucial for en-
riching prosody. However, input texts often lack proper pause
marks during inference, leading to models’ inability to synthe-
size natural long-form speech. Inspired by [19], we propose
GCPI to address this issue. The structure of GCPI, as shown in
Fig. 1(a-b), comprises a pre-trained ERNIE3? [32] and two pre-
dictors. Each predictor consists of two layers of BILSTM and a
global context mechanism (GCM) [33] to predict the positions
and categories of RPs/PIPs. Different from [19], we add GCM
to enhance the global information of cell states in BILSTM to
improve prediction accuracy. In addition, compared to BERT,
ERNIE3’s unique model architecture and pre-training tasks en-
able it to directly handle longer texts without length limitations,
making it more suitable for this task.

For GCM, let ﬁt and E represent the hidden states of
the forward LSTM and backward LSTM at time step ¢, and L
denotes the sequence length. The BiLSTM output h; € RP
can be defined as follows:

he =R || e,

where [-||:] denotes the concatenation operation.
we can_> directly obtain the sentence representation G
[%1 [| ). Global weight if and local weight ;' are de-
signed to combine sentence feature with the output at each time

(®)
So,

step of the BiLSTM:
if Psigmoid ([G || h]We + be) ©)
i = Gsigmoia ([G || Re] Wi + brr) (10)
hi = i 0G+i 6 h, an

where h; € R” is the GCM output, which is used to predict
the positions and categories of inserted pauses.

2.3. LLM-CE and Context Encoder

In order to equip the model with the ability to capture contex-
tual information during training, thereby enhancing the natural-
ness and smooth transitions between sentences in synthesizing

Zhttps://huggingface.co/nghuyong/ernie-3.0-base-zh
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Figure 2: Comparison of synthesis stability across various mod-
ules (measured by WER).

long-form speech, this paper proposes LLM-CE. Specifically,
we employ the latest GLM4> to generate context for the train-
ing corpus and design a context encoder to extract contextual
features. GLM4 shows better performance than GPT4 on Chi-
nese datasets.

2.3.1. Prompt strategy

We instruct GLM4 to generate n sentences of natural and flu-
ent context before and after the utterances in the training data
based on the text prompts. As illustrated in Fig. 1(d), the text
prompts consist of 1) constraints on the generated context, 2)
the form of the returned answers, and 3) the utterances from the
training corpus. Additionally, we generate multiple sets of con-
texts containing different numbers of sentences to explore the
effectiveness of various LLM-CE strategies in enhancing natu-
ralness.

2.3.2. Context encoder

Inspired by [15], we design a simple context encoder to val-
idate the effectiveness of LLM-CE. Fig. 1(c) shows that the
context encoder consists of a pre-trained ERNIE3, two Conv1d
layers, a BiGRU layer, and a projection layer. The ERNIE3
takes the context sequences as input to obtain token-level se-
mantic features. The convolutional layer is used to refine and
reduce the dimensionality of the extracted features to get token-
level contextual features. Additionally, token-level features for
each sentence in the ERNIE3 output are summed and aver-
aged to obtain sentence-level semantic features. Subsequently,
the sentence-level semantic features are fed into the BiGRU
to extract sentence-level contextual features. Finally, the cor-
responding portions of token-level and sentence-level contex-
tual features for the current training sentence are selected, up-
sampled, and added to obtain the complete contextual features,
which are then fed into the acoustic model.

2.4. Training and inference

Before training begins, we need to collect and clean the data
generated by LLM. During training, we use the available
sentence-level corpus as input, coupled with LLM-CE, to train
a TTS model capable of extrapolating and capturing contextual
information. At the same time, GCPI is trained on the same
data. During inference, we first employ the trained GCPI to in-
sert appropriate pauses into the input long text and then directly
send it to the acoustic model and context encoder to synthesize
natural long-form speech robustly.

3https://open.bigmodel.cn/
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Table 1: Results of position and classification prediction.

Position Prediction Category Prediction

Fp

Model Pause
Precision Recall Fg Precision Recall

RPs 0.536  0.381 Fp.5 = 0.496| 0237 0.227 Fy.5 = 0.235
CPI PIPs 1.000  1.000 F> =1.000| 0.724 0.724 F> =0.724

RPs 0.657 0454 Fp5 =0.603| 0247 0237 Fy.5 = 0.245
GeFt PIPs 1.000 1.000 F> =1.000 | 0.729 0.729 F> = 0.729

3. Evaluation and analysis
3.1. Datasets

We evaluated the effectiveness of the model on the BZNSYP*
database, an open-source Chinese dataset containing around
12 hours of sentence-level speech by a female speaker (about
10,000 utterances, up to 7 seconds). During the acoustic model
training, we resampled the audio to 16k Hz and divided 100
utterances for validation and 300 for testing.

For the GCPI model, we used 224 sentences each for the
validation and testing sets. Since the training requires pause la-
bels for classification, we adopted the method in [19] to obtain
three distinct categories of pauses: brief pause (< 100ms, de-
noted as ’sp1”), medium pause (100-200ms, denoted as ’sp2”),
and long pause (> 200ms, denoted as “’sp3”).

3.2. Model configuration

For LLM-CE, we generate five different context sets for each
sentence in the training corpus, each containing three previous
and following context sentences. We randomly select one set
for each training sample during training to extract contextual
features.

In proposed TTS model, the MEGA Encoder/Decoder con-
sists of MDDEMA with 16 heads, SHGA, and 2-layer Conv1D.
The dimensions of queries, keys, and values in SHGA were set
to 128, 128, and 1024, respectively. The two Conv1D layers
in the Context Encoder have dimensions of 512 and 256, the
BiGUR has a dimension of 768, and the projection layer is a
linear layer with a dimension of 256. The remaining configura-
tions for the acoustic model followed [4]. A pre-trained HiFi-
GAN vocoder [34] was used for waveform synthesis.

For the GCPI model, we utilize ERNIE3 to extract 768-
dimensional hidden features from the input text and use a 2-
layer 512-dimensional BiLSTM with GCM to refine the fea-
tures further. We use the Adam optimizer [35] with an initial
learning rate of 5 x 10~° for training. The maximum training
epoch is set to 50. Like [19], we use the Fz score to measure
the accuracy of the predicted pause (with 8 = 0.5 for RPs and
8 = 2 for PIPs) and select the best model to save. All models
are trained on an NVIDIA 4090 GPU.

3.3. Performance of GCPI

We compare our GCPI with the CPI [19] model. We evalu-
ate the performance of these two models in predicting RPs and
PIPs using precision, recall, and Fz score. The experimental re-
sults are shown in Table 1. It can be observed that the proposed
GCPI achieves higher accuracy in predicting insertion position
and classification than CPI. Therefore, in the subsequent ex-
periments, we use GCPI to insert appropriate pauses into the
speech.

“https://www.data-baker.com/open_source.htm



Table 2: The MOS with 95% confidence intervals, WER, MCD,
FO RMSE, and Duration MSE of different models in synthesiz-
ing short speech.

Model MOS+ WER| MCD | FORMSE | Duration MSE |

Ground Truth 4.10 £ 0.08 0.67% - - -

4.5787
4.4973

55.7324
53.6253

0.0868
0.0705

FastSpeech2 3.84 £ 0.12
3.96 + 0.09

1.67%

Proposed 1.67%

Table 3: MOS experiment and ablation experiment results of the
proposed model on synthesizing long-form speech.

Model MOS/CMOS  WER
FastSpeech2 3.34 £0.13 7.47%
Proposed 3.88 £ 0.07 0.73%
w/o GCPI -0.092 0.75%
w/o LLM-CE -0.126 1.77%
w/o MEGA -0.347 2.00%

3.4. Stability analysis of synthesizing long-form speech

We first evaluate the performance of each module in the pro-
posed method on handling data of different lengths to explore
which module plays a crucial role in improving the stability of
synthesis. Serious pronunciation errors occur when the model
fails to synthesize longer speech stably. Therefore, we use the
word error rate (WER) to measure the performance of each
module. We randomly concatenate 300 short sentences from the
test set to form texts of different lengths (corresponding to 10 to
70 seconds of speech). We use iFlytek ASR APT to evaluate the
WER, and the results are presented in Fig. 2. As the length of
the input text increases, the WER of FastSpeech2 continues to
rise. Introducing the GCPI module leads to a slight decrease in
the WER, but it still shows an upward trend. In contrast, models
with MEGA and LLM-CE achieve lower WERs. It should be
noted that LLM-CE performs better when synthesizing speech
less than 60 seconds, but WER still rises as the input length
increases. While MEGA has a slightly higher WER than LLM-
CE, it maintains a consistent level throughout. The model that
combines MEGA and LLM-CE achieves the lowest WER and
remains stable. Therefore, we can conclude that MEGA is the
key to synthesizing long-form speech stably, while LLM-CE
further reduces pronunciation errors.

3.5. Evaluation of synthesized short and long-form speech

To evaluate the performance of the proposed model, subjec-
tive and objective experiments were conducted separately on
synthesized speech from both in-domain short texts and out-of-
domain long-form texts. In the objective comparison, mel cep-
stral distortion (MCD), FO RMSE, and Duration MSE are uti-
lized to measure the difference between the synthesized results
and ground-truth speech. In subjective evaluation, mean opin-
ion score (MOS) and comparative mean opinion score (CMOS)
test were conducted to evaluate the naturalness of speech syn-
thesized. Twenty native Chinese speakers participated in the
test and were asked to give their MOS and CMOS scores.

For in-domain short texts, we randomly selected 20 audios
from the test set for evaluation. As shown in Table 2, the synthe-
sized speech by our proposed method achieves better natural-
ness compared to FastSpeech2, with lower values of WER, FO
RMSE, and Duration MSE. For out-of-domain long-form text,

Shttps://www.xfyun.cn/services/Ifasr
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Table 4: AB preference test results for various LLM-CE strate-
gies, bold indicates significant speech synthesis differences.

A-WER | Method A | Perfence | Method B | B-WER | p-value
0.81% ‘ Intercross ‘ 0.428 vs. 0.572 ‘ No intercross ‘ 0.81% ‘ <0.005
0.88% 1 context sets | 0.352 vs. 0.648 | 3 context sets 0.71% | <0.005
0.71% | 3 context sets | 0.457 vs. 0.543 | 5 context sets 0.73% <0.05
0.73% 5 context sest | 0.503 vs. 0.497 | 7 context sets 0.75% 0.89
0.75% | 7 context sets | 0.525 vs. 0.475 | 10 contextsets | 0.81% 0.24
0.77% 1 context utts | 0.518 vs. 0.482 | 2 context utts 0.74% 0.19
0.74% 2 context utts | 0.443 vs. 0.557 | 3 context utts 0.73% <0.05
0.73% | 3 contextutts | 0.533 vs. 0.467 | 4 context utts 0.78% <0.1

we collected 100 sentences from China News Service through
the Internet (corresponding to 50-70 seconds of speech). We
randomly selected 20 texts to synthesize speech for MOS and
CMOS ablation experiments. Due to the lack of ground truth in
long-form speech synthesis evaluation, we only tested WER in
objective metrics. In Table 3, w/o GCPI denotes removing the
GCPI module, while the rest of the labels follow a similar con-
vention. It can be observed that the results in the first two rows
demonstrate the effectiveness of the proposed method, which
can stably synthesize natural long speech using only sentence-
level corpora. The results of the ablation experiments in the last
three rows also validate the effectiveness of each component.

3.6. Analysis of various LLM-CE strategies

We conducted AB preference testing to explore the effects of
various LLM-CE strategies on synthesizing long-form speech.
In Table 4, Intercross means that the sentences from the train-
ing corpus can appear at anywhere within the context, at the
beginning, middle, or end, while No intercross implies the op-
posite. M context sets denotes generating M different context
sets from the same sentence using LLM. In contrast, N con-
text utts means that each sentence from the training corpus is
preceded and followed by N generated contexts. As shown in
Table 4, No intercross obtained higher preference scores. This
is primarily because the speech prosody varies among the para-
graph’s beginning, middle, and end positions. Randomly plac-
ing the fixed-style sentences from the training corpus can lead to
unstable model training, resulting in unnatural prosody on syn-
thesized long-form speech. Meanwhile, as M and N increase,
the preference of the corresponding LLM-CE strategy first rises
and then falls, eventually becoming nearly the same. This may
be due to the diversity of LLM-generated results and the poorer
quality of longer contexts.

4. Conclusion

This paper proposes a novel TTS framework, comprising Con-
tent Extrapolation and LLM-CE, which can synthesize natural
long-form speech stably only using sentence-level corpus, sig-
nificantly reducing the training cost of long-form TTS. Both
objective and subjective experiments show that the MEGA-
based encoder and decoder in Content Extrapolation improve
the length generalization of the acoustic model, allowing it to
synthesize longer speech. The GCPI of Content Extrapolation
accurately inserts appropriate pauses into the inference text, en-
riching the speech prosody. Meanwhile, LLM-CE uses context
generated by LLM to equip the model to capture contextual in-
formation during training, improving the naturalness of long-
form speech. Finally, AB preference testing concludes that an
appropriate amount of context in LLM-CE can achieve optimal
synthesis results.
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