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Aligning Sentences in a Paragraph-Paraphrased Corpus 

with New Embedding-based Similarity Measures 

Aleksandra Smolka∗, Hsin-Min Wang+,  

Jason S. Chang#, and Keh-Yih Su+ 

Abstract 

To better understand and utilize lexical and syntactic mapping between various 
language expressions, it is often first necessary to perform sentence alignment on the 
provided data. Up until now, the character trigram overlapping ratio was considered 
to be the best similarity measure on the text simplification corpus. In this paper, we 
aim to show that a newer embedding-based similarity metric will be preferable to 
the traditional SOTA metric on the paragraph-paraphrased corpus. We report a series 
of experiments designed to compare different alignment search strategies as well as 
various embedding- and non-embedding-based sentence similarity metrics in the 
paraphrased sentence alignment task. Additionally, we explore the problem of 
aligning and extracting sentences with imposed restrictions, such as controlling 
sentence complexity. For evaluation, we use paragraph pairs sampled from the 
Webis-CPC-11 corpus containing paraphrased paragraphs. Our results indicate that 
modern embedding-based metrics such as those utilizing SentenceBERT or 
BERTScore significantly outperform the character trigram overlapping ratio in the 
sentence alignment task in the paragraph-paraphrased corpus. 

Keywords: Sentence Alignment, Sentence Similarity, Sentence Embedding, 
Paragraph-paraphrased Corpus 
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1. Introduction 

Monolingual text matching is necessary for many downstream applications, such as Paraphrase 
Identification and Extraction (Qiu et al., 2006), Question Answering (Weiss et al., 2021), 
Natural Language Inference (MacCartney & Manning, 2008), and Text Generation (Barzilay & 
McKeown, 2005). Take the QA task as an example, identifying the text fragments that match 
the given question within the associated passage is often required for locating the desired answer. 

However, modern neural network (NN) approaches to text matching often suffer from 
certain limitations when two sequences contain considerably different lexicons or diverse 
grammatical structures (McCoy et al., 2019). For example, when the verb “decide” in the 
sentence “They decided to go” is nominalized to the noun “decision” in its paraphrase “They 
made a decision to go”, the popular word embedding similarity approach might fail as the 
embedding-vectors of “decide” and “decision” are quite different1. Another example is a pair 
of sentences “A cat is chasing a dog.” and “A dog is chasing a cat.”, which contain the same 
set of lexicons and syntactic structure but with opposite meanings. 

Furthermore, the NN approaches frequently fail when the matching involves multi-word 
expressions, or when expressions require compositionality handling (Blevins et al., 2018; 
Hupkes et al., 2020; Zhou et al., 2020). For example, it is difficult to match expressions “put 
off” and “procrastinate” using basic word embeddings, as the real meaning of the idiom “put 
off” is not the sum of the meanings of its tokens. 

We found that the limitations of NN models in text matching could be greatly alleviated 
by utilizing lexico-syntactic paraphrasing patterns such as [VP[VBN[see]NP[X1]]] 
[S[NP[X1]VP[VBD[be]VP[observe]]], which denotes the conversion from active to passive voice 
for the phrase pair “see the lion” and “the lion is observed”. Since some key lexicons are 
involved in the pattern, it would be difficult to exhaustively list such patterns by a human. It is 
preferable to automatically extract them from a large paraphrase corpus. 

To collect such lexico-syntactic patterns, a high-quality paraphrased sentence pair dataset 
is essential. Unfortunately, current sentence-aligned paraphrase datasets (e.g., MRPC (Dolan & 
Brockett, 2005), PPDB (Ganitkevitch et al., 2013), and QQP (Aghaebrahimian, 2017)) are too 
trivial for this task, as they mainly contain lexical paraphrases that could be easily handled by 
a NN. On the other hand, some paragraph-aligned paraphrase corpora, containing different 
human translations from the same source text, fit our needs well. To utilize those paragraph-

 
1 The nearest semantic associates of the verb decide based on the cosine similarity between the word2vec 

vectors (trained on English Wikipedia) are those verbs such as: choose (0.64), opt (0.62), persuade 
(0.61), want (0.58), refuse (0.57), insist (0.56). However, the noun decision only has a similarity score 
0.512, which means that its similarity to the verb decide is even less than that between decide and its 
quasi-antonymous refuse. 
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aligned paraphrase corpora, monolingual sentence alignment is the first step in retrieving the 
desired patterns. 

 
Figure 1. Sentence alignment for extracting paraphrased sentence pairs. Sentence        

pairs in green are those we want to extract; sentences in red are in multi-
to-one relation and do not constitute sentential paraphrases. Figure 
adopted from Smolka et al. (2022). 

Figure 1 shows how a correct sentence alignment could help extract paraphrased sentence 
pairs from longer paraphrased texts. Unless we correctly identify which sentences are in 1-to-1 
relationships (green in the figure), we cannot correctly identify the desired paraphrased pattern. 

Monolingual sentence alignment approaches could be classified into two categories: 
model-based approaches (e.g., Jiang et al., 2020), which adopt specific models to encode the 
input sentences and perform alignment, and model-agnostic approaches (Štajner et al., 2018), 
which can be directly applied to the selected dataset, without the necessity of training a neural 
model in advance. In our work, we focus on model-agnostic approaches, as they do not require 
additional labeled data to train the model. 

The downside of previous model-agnostic approaches (Štajner et al., 2017; 2018) is that 
they only test the early word2vec word embeddings, and do not explore those more advanced 
NN approaches such as Sentence-BERT (Reimers & Gurevych, 2019) and BERTScore (Zhang 
et al., 2020). Also, they are mainly evaluated on Text Simplification (TS) datasets, which are 
different from our paraphrasing datasets. 

In the TS dataset, the original and the simplified text often share a considerable number of 
keywords, which remain unchanged and are rarely substituted with synonyms. However, this 
property does not hold in our paraphrasing corpus, as its paraphrasing expressions usually 
possess diverse syntactic structures with many different lexical items. 
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Therefore, we suspect that the character trigram overlapping ratio, reported as the best for 
monolingual sentence alignment in previous works (Štajner et al., 2017; 2018), would not 
perform best on our data. Since our paraphrasing corpus contains considerably different 
lexicons and word order, the string-based method such as character ngram similarity would lose 
its edge. Previously reported text similarity measures thus should be re-evaluated for our task, 
and more advanced NN approaches should be explored. 

In this work, we not only compare various previously reported text similarity measures on 
a paraphrased paragraph corpus but also additionally test some new measures based on the most 
recent NN sentence embedding methods. We utilize those above measures with two sentence 
alignment approaches: simple greedy match (e.g., Štajner et al. 2018) and sequence match (Gale 
& Church, 1993; Barzilay & McKeown, 2001). We conduct the evaluation on a manually 
annotated sentence-aligned dataset with 400 paraphrased paragraph pairs randomly sampled 
from the multiple translation corpus Webis-CPC-11 (Burrows et al., 2013). 

Our contributions include: 

(1) To the best of our knowledge, we present the first study on aligning sentences on a 
paragraph-paraphrased corpus; 

(2) We show that character trigram similarity is not the best measure for aligning paraphrasing 
corpora. Instead, BERT-based embedding methods achieve significantly better results 
even without fine-tuning on the target dataset; 

(3) We test several NN-related sentence similarity measures (other than word2vec) that have 
not been evaluated before for model-agnostic monolingual sentence alignment; 

(4) We confirm and expand the observation of Choi et al., (2021), showing that [CLS] token 
representation is not necessarily superior to averaging individual word vectors for 
sentence representation while aligning paraphrased text under BERT. 

(5) We compare the sentence alignment methods when an additional sentence length 
limitation is imposed on the data. 

This publication is an extension of our previous conference paper on the same topic 
(Smolka et al., 2022). In comparison to our conference publication, we have added a new data 
collection method for composing a dataset with sentence length limitation and introduced a new 
series of experiments performed on this new data (Section 3.4.2). We also extend the previous 
comparison of different methods of obtaining sentence representations using the BERT model 
(Section 3.4.3), and add a new discussion section to report our observations (Section 5). Finally, 
we extend some of the previously existing sections by additionally illustrating our search 
mechanisms (Section 2.1, Figure 2), showing an example of a non-paraphrased paragraph pair 
(Section 3.5, Figure 5), and a new error example in the error analysis (Section 4, Table 12). 
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2. Sentence Alignment Procedure 

The proposed sentence alignment procedure is based on two basic elements, which we combine 
to test different experimental configurations. Those elements include: (1) search mechanism, 
which specifies the method used to search the sentence pairs that possess similar meaning; (2) 
similarity measure, which defines the method of calculating the similarity value among two 
given sentences (to be used during the search procedure). 

2.1 Search Mechanisms 
We implement two search mechanisms for aligning sentences among two paraphrased 
paragraphs: (1) Directional Best Match, which aligns each sentence in the paragraph separately 
(it also has two variations: uni-directional, which matches sentences from the first paragraph to 
the second one only, and bi-directional, which matches sentences in both directions), and (2) 
Sequence Match, which looks for the best alignment scheme for a paragraph as a whole. Figure 
2 schematically illustrates the difference in how the sentence pairs are formed in the different 
search mechanism approaches, which we describe in the next two subsections. 

 
Figure 2. Schematic comparison of the different search mechanisms, illustrating 

the direction in which sentences are paired. (a) Uni-directional Best 
Match; (b) Bi-directional Best Match; (c) Sequence Match. 
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2.1.1 Directional Best Match 
Directional Best Match is a simple greedy approach that relies on local judgments to create the 
alignments. This approach assumes that information such as adjacency and dependency 
information within sentences is negligible during matching. In our implementation, we follow 
the adopted SOTA approach (Štajner et al., 2018). However, Štajner et al. (2018) only 
experimented with a uni-directional approach, which maps the original passages to the 
corresponding simplified passages. We believe that the bi-directional approach would be better 
applicable to our data since it is symmetric, unlike the dataset used by Štajner et al. (2018). 
Therefore, we additionally extend the Best Match method to a bi-directional approach. 

Regardless of the above variation, we first calculate the associated similarity for each 
sentence pair that can be formed between the two given input paragraphs. Then, for each 
sentence in one paragraph, we select the sentence in another paragraph that has the highest 
similarity measure obtained above. For the uni-directional version, we directly take those pairs 
as the final alignments. 

The bi-directional version follows the same steps, but we additionally repeat them in the 
opposite direction, i.e., matching sentences from the second paragraph to the first one. The final 
aligned pairs are obtained by taking the intersection of the two sets of aligned sentence pairs. 

2.1.2 Sequence Match 
Our sequence match adopts the dynamic programming searching algorithm to look for the best 
alignment path (among the two given paragraphs). Our implementation follows the common 
approach described in previous works (Gale & Church, 1993; Barzilay & McKeown, 2001). In 
this method, each alignment type (e.g., one-to-one and one-to-two) is associated with a different 
weight indicating the type probability estimated from the development set. The weights are then 
combined with the above similarity measures to find the best alignment path for the whole 
paragraph. 

2.2 Similarity Measures 
The text similarity measures adopted in our experiments fall into two main categories: (a) unit-
overlap-based approaches, in which the similarity measure is based on the overlapping ratio of 
either ngrams or tokens between the sentences; (b) sentence-vector-based approaches, in which 
a neural model is first used to convert each sentence into its corresponding embedding-vector, 
and then the cosine similarity between these two sentence embedding-vectors is taken as the 
sentence similarity. 
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2.2.1 Unit-Overlap-Based Sentence Similarity 
We adopt two different overlapping ratios: (1) Character ngram, which is reported as the state-
of-art on the text simplification corpus (Štajner, 2018), and (2) token, which is commonly used 
in sentence alignment tasks (e.g., Barzilay & McKeown, 2001). 
Character Ngram 

We follow Štajner et al. (2018) to calculate the ngram similarity based on the Character Ngram 
Similarity model with tf-idf weighting (adapted from McNamee & Mayfield (2004)). We 
experiment with five different ngram sizes (1 to 5) and use NGRAM to refer to this measure. 
We add Laplace smoothing to account for those unseen ngrams in the test set. The final 
similarity is calculated by taking cosine similarity (Štajner et al., 2018). 
Token 

For calculating token-based sentence similarity, we use the following token overlap formula: 

where 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 is the set of tokens in the first sentence, 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 is the set of tokens in the 
second sentence, and the function | | specifies the cardinality of the token set. We consider two 
different normalization mechanisms for comparing two tokens: (1) converting the strings into 
their associated lemmas before comparison (abbreviated as TOKENstring); (2) also taking 
synonyms as exactly matched lemmas during comparison (abbreviated as TOKENsyn). Token 
lemmas for each sentence are retrieved using an automatic tokenizer and lemmatizer (Qi et al., 
2020). Synonymic relationships are taken from WordNet (Fellbaum, 1998). 

2.2.2 Sentence-Vector- Based Sentence Similarity 
This category includes similarity measures that utilize cosine vector similarity in some forms: 
(1) word-embedding based, where we first look up the word embedding-vector for every token 
in each sentence from a pretrained model, and then combine them into their associated sentence 
embedding-vector by vector averaging (Putra & Tokunaga, 2017). Afterward, we calculate the 
similarity between the two obtained sentence embedding vectors. (2) sentence-embedding based, 
where we use a model, such as BERT (Devlin et al., 2019) or Sentence-BERT (Reimers & 
Gurevych, 2019), to directly embed a sentence into its associated sentence-embedding. We then 
calculate the similarity between these two sentence embedding vectors. (3) BERTScore (Zhang 
et al., 2020), which uses BERT to directly generate the similarity value between two sentences. 
Word-embedding Similarity 

For directly retrieving the token-associated embedding vector from a pretrained embedding 
lookup table, we test both word2vec (Mikolov et al., 2013) and Glove (Pennington et al., 2014) 

𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = |𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1∩𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2|
|𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1|+|𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2|

  (1) 
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embeddings. Additionally, we also test contextualized word embeddings retrieved from BERT 
(Devlin et al., 2019). 

Moreover, while it is common to use the [CLS] token yielded by the BERT encoder to 
represent the whole encoded sentence, recent works note that this might not be the best solution 
for different downstream tasks (Choi et al., 2021). We therefore additionally test the following 
approach: generate the sentence embedding via averaging the contextual word embeddings 
retrieved from the BERT model. 

Regardless of the way of selecting word embedding, we combine the associated embedding 
vectors into the corresponding sentence representation by taking an average over them (Putra 
& Tokunaga, 2017). The sentence similarity is then calculated as the cosine similarity between 
the two sentence embedding vectors. 

Among various types of word embeddings, only word2vec is tested by Štajner et al. (2018). 
However, it was not reported as the best one in their experiments (the best one is the character 
trigram in their task). 
Sentence-embedding Similarity 

Another way to generate the sentence-embedding is to adopt BERT to transform all its 
associated token-embeddings into it. We test two methods of obtaining sentence representation 
via BERT. First, we take the [CLS] token from the BERT to represent the whole sentence. 
Alternatively, we use Sentence-BERT (Reimers & Gurevych, 2019), which is an alternative 
method of obtaining sentence representation from BERT-type models, suggested as a better 
alternative for directly adopting [CLS] token embedding. We use Sentence-BERT to separately 
obtain a single embedding for each sentence in the pair. The sentence similarity is then 
calculated between two obtained sentence embedding vectors. 
BERTScore 

Last, we can directly generate the desired similarity value among two sentences by adopting the 
BERTScore (Zhang et al., 2020) approach, which is originally developed as an automatic 
evaluation metric for comparing various text generation systems. This approach first uses BERT 
to obtain the word embeddings of all input tokens. The pairwise similarity is then calculated for 
each possible token pair. Afterward, for each token from the first input sequence (i.e., the 
sentence from the “original” paragraph), BERTScore finds its matching token in the second 
sequence (i.e., the sentence from the “paraphrased” paragraph) via greedy search. Last, it 
calculates both precision and recall based on the matching result. 

As BERTScore is designed to evaluate the similarity between the ground truth and the 
generated text, we thought it should be also suitable for measuring the sentence similarity for 
our task. Typically, BERTScore will report precision, recall, and F1-score at the same time. We 
take each of these values to represent a specific sentence pair similarity measure; and we refer 
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to them as BERTprec, BERTrec, and BERTf1, respectively. 

2.3 Similarity Score Thresholding 
Regardless of the selected combination of search mechanism and similarity measure, we 
additionally impose a similarity score thresholding on the aligned sentences. In the final stage 
of the alignment procedure, we filter out sentence pairs that have similarity values below the 
experimentally selected threshold. This helps us further improve the overall test-set results and 
allows for a precision-recall trade-off if desired. 

3. Experiments 

Figure 3 shows the operation flow adopted in the experiments. We first take a pair of 
paraphrased paragraphs as input, clean the text in each paragraph, and split it into individual 
sentences. Then, we use the sentence alignment module with the selected search mechanism 
and similarity measure to generate the desired sentence alignments. Those one-to-one sentence 
alignments are then extracted and output as the answer. 

 
Figure 3. Operation flow for obtaining one-to-one sentence alignment within 

paraphrased paragraph pairs. Figure adopted from Smolka et al. (2022). 

The following subsections give details of the experiment setting and results. 

3.1 Dataset 
We randomly sampled 400 paragraph pairs from the Webis-CPC-11 corpus (out of which 7 
were found to be incorrectly marked as paraphrases, and removed from the evaluation data). 
The non-paraphrased pairs are excluded from the development and test data. However, we 
reserve them for additional experiments where we test methods for automatically detecting such 
undesired input from our data. 

To evaluate the performance, we manually annotate the 400 paragraph pairs randomly 
sampled from the Webis-CPC-11 corpus. The annotation process consists of several stages: (1) 
Paragraph pre-processing, which is performed automatically and serves to clean the data and 
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split each paragraph into its associated sentences; (2) Sentence alignment (marking both one-
to-one and one-to-many alignment configurations), in which we manually match the sentences 
that have similar meanings. 

After the paragraph pre-processing stage, the annotator receives two sets of sentences for 
each paragraph pair and is requested to align sentences between them (including both one-to-
one and one-to-many mappings). The result of the manual annotation is a dataset in which each 
paraphrased paragraph pair is associated with the aligned sentence pairs between them. If the 
sample contains non-paraphrased paragraphs, the annotator is asked to simply mark them 
without adding alignment annotation. 

As all tested similarity measures are model-agnostic, we do not require a training set. 
Therefore, we split all the aligned paragraph pairs (i.e., excluding those non-paraphrased pairs) 
into the development set and the test set with a 1:7 ratio. As a result, we end up with 48 
paragraph pairs in the development set and 345 paragraph pairs in the test set. We use the 
development set for selecting hyper-parameters such as similarity cutting threshold and 
alignment type probabilities for the Gale-Church algorithm (Gale & Church, 1993). 

Table 1. Dataset Statistics (without non-paraphrase cases). #Min-#Max specifies the 
range in paragraph range row. Also, 1-1 indicates the one-to-one mapping, 
2-1 (1-2) indicates two-to-one and one-to-two mapping, and so on. 

 all dev test 

#input paragraphs 393 48 345 

#input non-paraphrased pairs (dataset errors) 7 2 5 

avg. paragraph length (#sentences) 2.3 2.4 2.3 

avg. sentence length (#tokens) 20.9 19.3 21.1 

paragraph range (# sentences) 1-7 1-6 1-7 

% of alignment types 

all 822 
(100%) 

87 
(100%) 

735 
(100%) 

1-1 
(ground truth) 

633 
(77%) 

67 
(77%) 

566 
(77%) 

2-1 (1-2) 132 
(16%) 

16 
(18%) 

118 
(16%) 

2-2 8 
(1%) 

1 
(1%) 

7 
(1%) 

Other 
(2-3,1-4,etc.) 

49 
(6%) 

4 
(4%) 

45 
(6%) 
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Table 1 gives the associated dataset statistics. Within them, 566 1-to-1 paraphrased 
sentence pairs (77% among all aligned passage pairs) exist in the test set. This set of 1-to-1 
sentence pairs (i.e., sentential paraphrases) is the desired output in our task, and thus becomes 
the ground truth for our evaluation. 

3.2 Pre-processing 
Because the Webis-CPC dataset only contains un-segmented paragraphs, it must be first 
converted into a collection of sentences. We use an off-the-shelf sentence segmenter (Qi et al., 
2020) to split each paragraph into sentences. The output is thus two sets of sentences, one for 
each of the paragraphs. 

3.3 Experimental Setting 
For our baseline, we re-implement the SOTA approach proposed by Štajner et al. (2018), as 
there is no easily applicable code released by the authors. Therefore, we follow the descriptions 
in the original paper to implement the ngram character similarity. Our implementation has not 
been tested on the data adopted in the work of Štajner et al. (2018) because it lacks the 
annotations that are necessary for automatic evaluation. Furthermore, the original work 
introducing SOTA character trigram metrics used only human evaluation, which makes a direct 
comparison of our method with their results impossible. 

When it comes to the pretrained models used for conducting the embedding-based 
similarity calculations, we select the models based on their open-source availability. For 
example, for getting the BERT word-averaging and [CLS]-token representation, we use the 
BERT-base model (Devlin et al., 2019). When it comes to Sentence-BERT, three different 
pretrained models were tested, including BERT-base (Devlin et al., 2019; abbreviated as 
SBERTbert), ALBERT-mini (Lan et al., 2020; abbreviated as SBERTalbert), and MiniLM 
(Wang et al., 2020; abbreviated as SBERTmini). The training data for those three 
SentenceBERT models varied and depended on the original open-source model released. 2 
Among them, SBERTbert was trained with various Natural Language Inference data sets; 
SBERTalbert and SBERTmini were trained on various paraphrasing datasets.3 Finally, the 
BERTScore open-source implementation uses ROBERTA-Large (Liu et al., 2019). 

3.4 Various Experiments 
In our experiments, we test various combinations of the two alignment strategies with different 
similarity measures. We take precision, recall, and F1-score as the evaluation metrics. Moreover, 

 
2 https://huggingface.co/sentence-transformers 
3 The list of specific datasets used was not published by the open-source authors. 



 

 

12                                                     Aleksandra Smolka et al. 

for each set of results, we apply the McNemar test (Dietterich, 1998) to check whether the 
performance improvement is statistically significant (with p≤0.05 as the significance test 
threshold). 

In our experiments, we test similarity measures based on: (1) Unit-Overlap-Ratio, 
including character ngram overlap-ratio with n ranging from 1 to 5 (NGRAM), and token 
overlap-ratio calculated with either token strings (TOKENstring) or token synonyms 
(TOKENsyn); (2) Sentence-Vector-Similarity, including (a) word-embedding-based 
similarity measures calculated with word2vec (W2V), Glove (GLOVE) and BERTbase 
(BERTword) embeddings; (b) sentence-embedding-based similarity measures which consist 
of: (i) using [CLS] token yielded by BERTbase model (BERTcls), and (ii) Sentence-BERT 
embeddings with three different pretraining models (SBERTbert, SBERTalbert, and 
SBERTmini); (c) BERTScore with precision (BERTprec), recall (BERTrec), and F1-score 
(BERTf1). 

3.4.1 Sentence Alignment Results on the Full Dataset 
Tables 2-4 compare various similarity measures under the Best Match (Uni- and Bi-directional, 
separately) strategy and the Sequence Match strategy, respectively. For each measure, we only 
report the results with the best threshold value, which is selected on the development set based 
on the F1 value. The threshold for each specific similarity measure is different and is noted in 
the corresponding table. Measures that outperform the character trigram baseline in a significant 
manner are marked with the asterisk *. 

Overall, comparing the best result of each approach, the sequence match approach (with 
the best F1-score equaling 88.8%) outperforms both best match approaches (the best F1-score 
of 85.1% is from the bi-directional mode). We conjecture that the sequence match performs the 
best as it additionally considers the adjacency and dependency information within sentences 
during matching. 

Moreover, the Uni-directional Best Match approach performed the worst (only with 82.5% 
best F1) as expected. Since our data is symmetric, the matching results would be more reliable 
if the alignment is considered from both directions. 

Furthermore, the best similarity measure varies under different search mechanisms. In the 
sequence match approach, three BERT-type measures (i.e., SBERTbert (88.8% F1), BERTrec 
(88.7% F1), and BERTf1 (88.7% F1)) significantly outperform the baseline. The 
SentenceBERT measure performs best, surpassing the character-trigram baseline method by 
1.9% (88.8% vs. 86.9%) because it is trained to encode the overall sentence meaning, not the 
specific meaning of individual tokens, which fits our task well. Similarly, BERTScore also 
delivers good results because it is directly trained to measure the similarity between two 
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sequences. 

Table 2. Alignment results by adopting the uni-directional Best Match strategy on the 
full dataset. TH indicates the adopted threshold value. The asterisk * marks 
the measures that outperform NGRAM baseline (n=3) with p ≤ 0.05. Table 
adopted from Smolka et al. (2022). 

measure 
% on the test set 

Best TH 
prec rec F1 

NGRAM(n=1)* 77.8 82.2 79.9 0.3 

NGRAM(n=2)* 77.8 82.2 79.9 0.3 

NGRAM(n=3) 79.9 72.5 76.1 0.3 

NGRAM(n=4)* 77.8 82.2 79.9 0.3 

NGRAM(n=5)* 77.8 82.2 79.9 0.3 

TOKENstring* 83.7 73.1 78.1 0.2 

TOKENsyn 77.1 71.5 74.2 0.1 

W2V 79.7 74.5 77.0 0.8 

GLOVE 73.5 81.2 77.1 0.95 

BERTword* 78.5 87.0 82.5 0.75 

BERTcls 81.9 67.9 74.3 0.9 

SBERTbert 75.2 90.8 82.3 0.6 

SBERTalbert 82.9 70.7 76.9 0.35 

SBERTmini* 78.4 85.2 81.6 0.6 

BERTprec* 86.5 72.9 79.1 0.9 

BERTrec* 83.5 74.9 80.4 0.9 

BERTf1* 86.8 74.9 80.4 0.9 

On the other hand, in the bi-directional best match approach, the best result is again 
obtained by the Sentence-BERT measure (SBERTmini) with the best F1-score 85.1%, 
significantly outperforming the character ngram similarity measure at 82.7%. Also, both 
SBERTalbert and BERTf1 measures outperform the baseline with p<0.06. We believe that the 
above reasons given for the sequence match approach also apply here. 
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Table 3. Alignment results by adopting bi-directional Best Match strategy on full 
dataset. TH indicates the adopted threshold value. The asterisk * marks the 
measures that outperform NGRAM baseline (n=3) with p ≤ 0.05. Table 
adopted from Smolka et al. (2022). 

measure 
% on the test set 

Best TH 
prec rec F1 

NGRAM(n=1) 80.5 81.8 81.1 0.3 

NGRAM(n=2) 80.5 81.8 81.1 0.3 

NGRAM(n=3) 78.9 87.0 82.7 0.1 

NGRAM(n=4) 80.5 81.8 81.1 0.3 

NGRAM(n=5) 80.5 81.8 81.1 0.3 

TOKENstring 84.7 73.1 78.5 0.2 

TOKENsyn 78.6 81.8 80.2 0.05 

W2V 81.1 87.6 84.2 0.6 

GLOVE 79.7 78.0 78.8 0.95 

BERTword 82.3 86.4 84.3 0.75 

BERTcls 86.2 66.5 75.1 0.9 

SBERTbert 79.1 88.6 83.6 0.6 

SBERTalbert 80.6 89.8 84.9 0.25 

SBERTmini* 80.7 90.2 85.1 0.25 

BERTprec 80.9 88.2 84.4 0.85 

BERTrec 79.7 88.2 83.7 0.85 

BERTf1 79.9 90.8 85.0 0.9 

Last, in the uni-directional best match approach, several tested measures significantly 
outperform the baseline (76.1%), including BERTword (82.5%), SBERTbert (82.3%), 
SBERTmini (81.6%), BERTf1(80.4%), NGRAM with n≠3 (79.9%), BERTrec (79.7%), 
BERTprec (79.1%), and TOKENstring (78.1%). The measures that perform best in this search 
mechanism are again mostly those that encode the sentence as a whole, similar to other search 
mechanisms. 
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Table 4. Alignment results by adopting Sequence Match strategy on the full dataset. 
TH indicates the adopted threshold value. The asterisk * marks the measures 
that outperform NGRAM baseline (n=3) with p ≤ 0.05. Table adopted from 
Smolka et al. (2022). 

measure 
% on the test set 

Best TH 
prec rec F1 

NGRAM(n=1) 89.1 83.4 86.1 0.2 

NGRAM(n=2) 89.1 83.4 86.1 0.2 

NGRAM(n=3) 89.7 84.2 86.9 0.1 

NGRAM(n=4) 89.1 83.4 86.1 0.2 

NGRAM(n=5) 89.1 83.4 86.1 0.2 

TOKENstring 92.7 81.6 86.8 0.15 

TOKENsyn 86.2 86.9 86.3 0 

W2V 87.6 87.6 87.6 0.45 

GLOVE 87.3 85.2 86.2 0.9 

BERTword 91.5 82.2 86.6 0.75 

BERTcls 92.3 81.4 86.5 0.85 

SBERTbert* 89.8 87.8 88.8 0.6 

SBERTalbert 91.1 85.8 88.3 0.25 

SBERTmini 87.8 86.8 87.3 0.25 

BERTprec 90.0 86.8 88.4 0.85 

BERTrec* 89.9 87.6 88.7 0.85 

BERTf1* 90.1 87.4 88.7 0.85 

3.4.2 Alignment Results on Sentences with Limited Length 
The above experiments are conducted without limiting the lengths of those input sentences. 
However, in our another study, we have found that it is difficult to extract appropriate lexico-
syntactic patterns from sentences containing more than two clauses, as selecting the desired 
candidates will become much more confusing. As a result, the precision rate of extracting high-
quality patterns would be lower. To ensure the quality of extracted templates, we thus conducted 
an additional set of experiments on those input sentences with limited length. Below, we first 
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describe how to find out a reasonable way to filter out those sentences that would be too 
complicated/long for our purpose. Afterward, we repeat the above experiments on this new 
dataset to check if it would significantly change the alignment performance. 
3.4.2.1 Finding the Appropriate Criterion to Filter out Long Sentences 

To limit the degree of confusion in selecting the desired candidates, we would like to only use 
sentences with no more than two clauses to extract the desired templates. To automatically filter 
out those sentence pairs that might contain more than two clauses, we need to first find out a 
suitable criterion. For simplicity, we opt to use sentence length as the filtering criterion, because 
this value not only is highly correlated with the number of associated clauses but also could be 
easily measured. 

 
Figure 4. Finding the upper-limit sentence length from smoothed probability 

distributions (X-axis: sentence length in tokens). The blue curve is for the 
sentences with maximum two clauses, and the green curve is for the cases 
with more than two clauses. The red vertical line marks the intersection 
between the two distributions. 

Figure 4 illustrates how we find the upper-limit sentence length. We first manually 
generate two smoothed probability distributions in Figure 4: The blue curve is for the sentences 
with two clauses at most (which we consider appropriate for our task), and the green curve is 
for the cases with more than two clauses (which we consider are too difficult). Those two 
smoothed probability distributions are constructed from 100 sentences in each group, which are 
randomly selected from the Webis-CPC-11 dataset and then manually checked to fit this target 
number. The smoothed probability distributions are calculated using kernel density estimation 
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(Rosenblatt, 1956). We then find the integer value that is closest to the intersection point 
between the two distributions (indicated by the red vertical line in Figure 4), which is 22. This 
value indicates that if the sentence has a length below it, it is more likely to belong to the 
“appropriate” category. On the contrary, a sentence is more likely to be too difficult for our 
purpose, if its length is above this value. 

Table 5 gives the details of the newly constructed dataset. The main difference from the 
full dataset used in the previous experiments lies in the golden answers. In the new dataset, the 
benchmark consists of only 367 aligned sentence pairs that are shorter than 22 tokens (versus 
633 sentence pairs in the original dataset, Table 1). 

Table 5. Statistics for the dataset that considers sentence-length constraint. #Min-
#Max specifies the range in “paragraph range” row. Also, 1-1 indicates the 
one-to-one mapping, 2-1 (1-2) indicates two-to-one and one-to-two 
mapping, and so on. 

 all dev test 

#input paragraphs 393 48 345 

#input non-paraphrased pairs (dataset errors) 7 2 5 

avg. paragraph length (#sentences) 2.3 2.4 2.3 

avg. sentence length (#tokens) 20.9 19.3 21.1 

paragraph range (# sentences) 1-7 1-6 1-7 

% of alignment types 

all 822 
(100%) 

87 
(100%) 

735 
(100%) 

1-1 (all) 633 
(77%) 

67 
(77%) 

566 
(77%) 

2-1 (1-2) 132 
(16%) 

16 
(18%) 

118 
(16%) 

2-2 8 
(1%) 

1 
(1%) 

7 
(1%) 

other 
(2-3,1-4,etc.) 

49 
(6%) 

4 
(4%) 

45 
(6%) 

Evaluation 
Benchmark 

1-1 (<22 tokens, golden 
answers) 

367 
(45%) 

50 
(57%) 

317 
(43%) 

3.4.2.2 Experimental Results on Sentences with Limited Length 

Tables 6-8 compare all similarity measures under the Best Match strategy (Uni- and Bi-
directional, separately) and the Sequence Match strategy, respectively for the dataset containing 
only sentences shorter than 22 tokens. We follow the same scheme adopted in the previous 
experiments to report the new results. 
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Table 6. Alignment results on sentences shorter than 22 tokens for the uni-directional 
Best Match strategy. TH indicates the threshold value. The asterisk * marks 
the metrics that outperforms NGRAM baseline (n=3) with p ≤ 0.05. 

measure 
% on the test set 

Best TH 
prec rec F1 

NGRAM(n=1)* 73.3 77.9 75.5 0.3 

NGRAM(n=2)* 73.3 77.9 75.5 0.3 

NGRAM(n=3) 74.4 65.9 69.6 0.3 

NGRAM(n=4)* 73.3 77.9 75.5 0.3 

NGRAM(n=5)* 73.3 77.9 75.5 0.3 

TOKENstring* 77.7 70.3 73.8 0.2 

TOKENsyn 71.3 65.9 68.5 0.1 

W2V 74.6 65.9 70.0 0.8 

GLOVE 65.7 74.4 69.8 0.95 

BERTword* 73.9 83.9 78.6 0.75 

BERTcls 78.2 66.9 72.1 0.9 

SBERTbert* 70.3 90.2 79.0 0.6 

SBERTalbert 76.9 70.3 73.5 0.35 

SBERTmini* 74.2 85.2 79.3 0.35 

BERTprec* 77.6 70.0 74.1 0.9 

BERTrec* 81.5 73.8 77.5 0.9 

BERTf1* 80.9 72.2 76.3 0.9 

Overall, the performances (in terms of F1 scores) on those length-limited sentences are 
lower than that on the full dataset (Table 2-4). The drop in F1 score ranges from 2.4% (bi-
directional Best Match; 85.1% vs. 82.7%) to 6.1% (Sequence Match; 88.8% vs. 82.7%). One 
reason for causing the drops is that it implicitly removes the simplest alignment cases after 
filtering out those longer sentences, where the whole paragraph just consists of one single 
sentence. Another reason is that shorter sentences are easier to be mistakenly linked because 
they have less distinctive tokens. Detailed explanation will be delayed to the discussion section 
(Section 5). 
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Table 7. Alignment results on sentences shorter than 22 tokens for the bi-directional 
Best Match strategy. TH indicates the threshold value. The asterisk * marks 
the metrics that outperforms NGRAM baseline (n=3) with p ≤ 0.05. 

measure 
% on the test set 

Best TH 
prec rec F1 

NGRAM(n=1) 77.7 77.9 77.8 0.3 

NGRAM(n=2) 77.7 77.9 77.8 0.3 

NGRAM(n=3) 74.7 83.9 79.0 0.1 

NGRAM(n=4) 77.7 77.9 77.8 0.3 

NGRAM(n=5) 77.7 77.9 77.8 0.3 

TOKENstring 79.4 70.3 74.6 0.2 

TOKENsyn 73.6 76.3 74.9 0.05 

W2V* 78.4 84.5 81.3 0.6 

GLOVE 72.9 68.8 70.8 0.95 

BERTword* 78.6 83.3 80.9 0.75 

BERTcls 83.7 64.7 73.0 0.9 

SBERTbert* 75.0 87.1 80.6 0.6 

SBERTalbert* 77.1 89.3 82.7 0.25 

SBERTmini* 76.0 89.0 82.0 0.25 

BERTprec* 75.7 86.4 80.7 0.85 

BERTrec* 76.2 82.0 81.3 0.85 

BERTf1 81.8 72.2 76.7 0.9 

Unlike in the experiments on the full dataset, two of the alignment strategies – Bi-
directional Best Match and Sequence Match obtain the same F1 score (82.7%) with the 
SBERTalbert metric. This might indicate that the adjacency and dependency information used 
in Sequence Match (but not Best Match) is not as important for aligning sentences with limited 
length. 
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Table 8. Alignment results on sentences shorter than 22 tokens for the Sequence 
Match Best Match strategy. TH indicates the threshold value. The asterisk * 
marks the metrics that outperforms NGRAM baseline (n=3) with p ≤ 0.05. 

measure 
% on the test set 

Best TH 
prec rec F1 

NGRAM(n=1) 76.5 82.3 79.3 0.2 

NGRAM(n=2) 76.5 82.3 79.3 0.2 

NGRAM(n=3) 74.7 83.9 79.0 0.1 

NGRAM(n=4) 76.5 82.3 79.3 0.2 

NGRAM(n=5) 76.5 82.3 79.3 0.2 

TOKENstring 76.5 83.3 79.8 0.15 

TOKENsyn 73.4 78.2 75.7 0 

W2V* 78.2 84.9 81.4 0.45 

GLOVE 72.8 72.6 72.7 0.9 

BERTword* 78.6 83.3 80.9 0.75 

BERTcls 77.5 78.2 75.7 0.85 

SBERTbert* 75.0 87.1 80.6 0.6 

SBERTalbert* 77.1 89.3 82.7 0.25 

SBERTmini* 76.0 89.0 82.0 0.25 

BERTprec* 75.7 86.4 80.7 0.85 

BERTrec 74.9 84.5 79.4 0.85 

BERTf1* 76.1 90.5 82.7 0.85 

Furthermore, just as on the full dataset, the best similarity measure varies under different 
search mechanisms. In the sequence match approach, two BERT-type measures (i.e., all 
SentenceBERT variants with the best being BERTalbert (82.7% F1 score)), and two of 
BERTScore variants (i.e., BERTprec with 80.7% F1 score and BERTf1 with 82.7% F1 score) 
and word2vec metric (i.e., W2V, 81.4% F1 score) significantly outperform the baseline. The 
SentenceBERT and BERTScore measure performs best, surpassing the character-trigram 
baseline method by 3.7% (82.7% vs. 79.0%). 

Similarly, in the bi-directional best match approach, the best result is again obtained by 
the SentenceBERT measure (i.e., SBERTalbert) with the best F1-score of 82.7%, significantly 
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outperforming the character ngram similarity measure at 79.0%. This confirms the observation 
from previous experiments regarding the high suitability of sentence-embedding-based 
approaches in our task. 

Last, in the uni-directional best match approach, several tested measures significantly 
outperform the baseline (69.6%), including SBERTmini (79.3%), SBERTbert (79.0%), 
BERTword (78.6%), BERTrec (77.5%), BERTf1(76.3%), NGRAM with n≠3 (75.5%), 
BERTprec (74.1%) and TOKENstring (73.8%). The measures that perform best in this search 
mechanism are again mostly those that encode the sentence as a whole, similar to other search 
mechanisms. 

In comparison with the alignment results obtained from those sentences without length 
limitation, the F1-scores measures on length-limited sentences are lower (see the last item in 
Section 5). Although the performance of alignment of sentences with limited length is overall 
lower than on full data, we still prefer to impose the sentence length limitation, because it only 
slightly lowers the alignment performance but will offer considerable benefit while extracting 
the lexico-syntactic templates later. 

3.4.3 Comparison of BERT Word-averaging and [CLS] Token Sentence 
Representation 

Table 9. Comparison of results of BERT word-averaging and BERT [CLS] token-
based similarity metrics on the full dataset. SM indicates Search Mechanism. 
The asterisk * indicates cases where the difference between two measures is 
statistically significant with p ≤ 0.05. 

SM measure 
% on the test set 

prec rec F1 

Sequence 
Search 

BERTword 91.5 82.2 86.6 

BERTcls 92.3 81.4 86.5 

Best Match (uni) 
BERTword* 78.5 87.0 82.5 

BERTcls 81.9 67.9 74.3 

Best Match (bi) 
BERTword* 82.3 86.4 84.3 

BERTcls 86.2 66.5 75.1 

Comparing the performance of the methods using BERTword (i.e., word-averaging of BERT 
token embeddings) and the BERT [CLS] token, we observe that the BERTword achieves better 
performance regardless of the adopted search mechanism. Table 9 and Table 10 show how 
BERTword performs significantly better (p<0.05) than BERTcls regardless of the search 
mechanism for the dataset with sentence length constraint. The BERTword results are up to 
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6.5% higher, depending on the search mechanism (80.9% vs. 75.7% for sequence match; 80.9% 
vs. 73.0%, and 78.6% vs. 72.1% for bi- and uni-directional, respectively). For the full dataset, 
a noticeable difference can be observed for both versions of the Best Match approach with up 
to a 9.2% difference (84.3% vs. 75.1% and 82.5% vs. 74.3% for bi- and uni-directional, 
respectively). This is in line with the observation from Choi et al. (2021), who noted that 
interpreting the [CLS] token embedding as the sentence representation might be inferior to 
combining the individual sub-word embeddings obtained from BERT in some tasks. 

Table 10. Comparison of results of BERT word-averaging and BERT [CLS] token-
based similarity metrics on sentences shorter than 22 tokens. SM indicates 
Search Mechanism. The asterisk * indicates cases where the difference 
between two measures is statistically significant with p ≤ 0.5. 

SM measure 
% on the test set 

prec rec F1 

Sequence 
Search 

BERTword* 78.6 83.3 78.6 

BERTcls 77.5 78.2 77.5 

Best Match (uni) 
BERTword* 73.9 83.9 78.6 

BERTcls 78.2 66.9 72.1 

Best Match (bi) 
BERTword* 78.6 83.3 80.9 

BERTcls 83.7 64.7 73.0 

3.5 Exploring Features for Non-paraphrased Paragraph-pair Detection 
As shown in Table 1, we have found that some of the paragraph pairs we sampled from the 
Webis-CPC-11 were mislabeled as paraphrase-pairs, in which the meaning of the two 
paragraphs is not similar. Figure 5 shows an example of such a non-paraphrased pair, where the 
text fragments in red indicate two different meanings. In one paragraph the character “Sukey” 
is said to have heard about some issues, whereas in the other paragraph it is indicated she has 
no idea about them. In the 400 pairs with the positive labels that we sampled, 7 were not 
paraphrases. 

Although we have excluded those outlier pairs from our previous experiments, they are 
manually detected, which would be too time-consuming to do so for a large corpus. Therefore, 
we would like to check whether it is possible to detect such incorrectly labeled data 
automatically. As the paragraph is just a longer passage in comparison with the sentence, we 
expect that the measures adopted to calculate the sentence similarity could be also applied to 
evaluate the paragraph similarity. We thus further test whether the measures adopted for 
sentence alignment are discriminative enough to filter out those incorrectly annotated paragraph 
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pairs (i.e., non-paraphrased pairs found). 

 
Figure 5. Example of a non-paraphrased paragraph pair (outlier) from the Webis-

CPC-11 dataset. Red marks text fragments with opposite meanings. 

To detect the outliers, we first calculate the paragraph similarity using the same similarity 
measures adopted in the previous experiments, but taking paragraphs, not sentences, as the input. 
We include the following similarity measures in the experiment: (1) based on the unit-overlap-
ratio (including: NGRAM(n=3), TOKENstring, TOKENsyn); based on the sentence-vector-
similarity (including SentenceBERT and BERTScore). We model the similarity values from all 
paraphrased paragraph pairs for each measure with a specific normal distribution and then 
calculate its 0.95 confidence interval to check whether the non-paraphrased paragraphs can be 
detected as outliers outside this interval. 

Table 11 shows the percentage of non-paraphrased pairs that fall below the left boundary 
value of the 0.95 Confidence Interval for each of the adopted similarity measures. The best 
result is achieved using BERTprec, with which we can detect all outlier pairs. This leads to the 
conclusion that it is possible to automatically detect those non-paraphrased paragraph-pairs by 
using BERTScore as a similarity measure.  
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Table 11. Results of filtering out non-paraphrased paragraph pairs based on  
the 0.95 confidence interval. Mean is the mean similarity value for  
all (393) paraphrased paragraph pairs; L-CI is the left boundary of  
the Confidence Interval, and #pairs is the number of non-paraphrased 
pairs that fall outside the confidence interval (out of 7). Results with p ≤ 
0.05 are marked with the asterisk *. Table adopted from Smolka et al. 
(2022). 

measure mean  L-CI (0.95) % pairs  

NGRAM(n=3) 0.547 0.530 71% 

TOKENstring 0.221 0.214 57% 

TOKENsyn 0.141 0.136 57% 

SBERTbert 0.541 0.522 43% 

SBERTalbert 0.411 0.391 43% 

SBERTmini* 0.339 0.321 86% 

BERTprec* 0.914 0.911 100% 

BERTrec 0.917 0.914 71% 

BERTf1* 0.915 0.913 71% 

4. Error Analysis 

We analyzed 50 errors generated by our best approach (i.e., Sequence Match with SBERTmini), 
and categorized them based on their associated error sources: (1) mistaking 1-n mapping for 1-
1 (46%); (2) associated with incorrect sentence boundary (26%), in which the sentences are split 
incorrectly before conducting alignment (e.g., a sentence is incorrectly split into two sequences 
by the sentence segmenter); (3) paraphrased sentences take different sequence-orders within 
two given paragraphs (16%); (4) others (12%), of which it is difficult to attribute each error to 
a specific reason. 

Table 12 shows an example of the first error category, which incorrectly marks a 1-n 
alignment as 1-1. The source of this error is likely due to the following two reasons. First, those 
proposed similarity measures are still incapable of truly reflecting the semantic similarity 
between two sentences when they are paraphrased in an abstract way; as a result, they might 
incorrectly convert a golden 1-n mapping into a 1-1 mapping. Second, because the alignment is 
selected based on the sentence similarity and the probability of each alignment type is estimated 
from the development set, the adopted model has a preference for extracting 1-1 alignments as 
they are most common in the dataset (cf. Table 1). 



 

 

                   Aligning Sentences in a Paragraph-Paraphrased               25 

Corpus with New Embedding-based Similarity Measures 

Table 12. An example which mis-interprets a one-to-many relationship as a 1-1 
alignment. Gold sentence alignments (i.e., pairs “a”, “b”) are correctly 
extracted; "x" is incorrectly extracted and “0” is an annotated 1-n 
alignment which we do not want to extract. 

 PARAGRAPH #1 PARAGRAPH #2 

MODEL INPUT (FULL 
PARAGRAPHS) 

Thad, of course. And, Bill, 
we're going to get him, 
sooner or later. Mr. Hooper 
won't want to stand this sort of 
thing forever. I've got a hunch 
that we're not through with 
that game yet. 

Naturally, Thad and also 
Bill, whom we'll get after 
a while. Mr. Hooper won't 
let this go on for long. I'm 
guessing we won't be 
done for some time. 

ALIGNED SENTENCES 
(GOLDEN ANSWER) 

0 
Thad, of course. And, Bill, 
we're going to get him, sooner 
or later. 

Naturally, Thad and also 
Bill, whom we'll get after 
a while 

a 
Mr. Hooper won't want to 
stand this sort of thing 
forever. 

Mr. Hooper won't let this 
go on for long. 

b I've got a hunch that we're not 
through with that game yet. 

I'm guessing we won't be 
done for some time. 

MODEL ANSWER 

x And, Bill, we're going to get 
him, sooner or later. 

Naturally, Thad and also 
Bill, whom we'll get after 
a while. 

a 
Mr. Hooper won't want to 
stand this sort of thing 
forever. 

Mr. Hooper won't let this 
go on for long. 

b I've got a hunch that we're not 
through with that game yet. 

I'm guessing we won't be 
done for some time. 

The second error category (i.e., with incorrect sentence boundary) occurs when the pre-
processing module incorrectly split the sentences within one of the input paragraphs. Finally, 
the last type of error is caused by the sequence search mechanism, which assumes all 
paraphrased passage pairs follow the same relative order within each paragraph. If this 
assumption is violated in the given paragraph pair, it will always return an incorrect answer. 

5. Discussion 

Based on our results, we get the following observations: 

•  Among various sentence alignment strategies, Sequence Match tends to give the best and most 
consistent results across all our experiments. The advantage of Sequence Match is that it 
employs dynamic programming which makes it faster than the greedy approaches. It also 
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performs well where the adjacency and dependency information between sentences is relevant 
to the matching. However, it will not perform well when the sentences are in a different order 
in the two paragraphs, in which case using the Best Match strategy would be preferable. 
Furthermore, the bi-directional Best Match shows much better performance than the uni-
directional approach on both datasets we use, which can be explained by the symmetry in our 
data, as described earlier in the introduction section. 

•   In general, the measures that encode the sentence directly tend to perform better than those 
that are based on individual token representations (either unit-overlap or token-embedding-
average). The only exception is the approach using the BERT [CLS] token. We believe it might 
be because the [CLS] token is not explicitly trained to condense a long text sequence into a 
vector, unlike SentenceBERT and BERTScore which are created specifically for doing so. 

•  The method using averaged word vectors from BERT outperforms the method using the [CLS] 
token in our task. The inferior performance of the method with [CLS] token representations 
might be due to that the [CLS] token is trained on a much smaller amount of data; in contrast, 
those individual token embeddings are trained from a much larger dataset. 

•  Noticeably, the best thresholds of those non-embedding methods tend to be much lower than 
those of the measures that utilize neural embeddings. We conjecture this is because the neural 
models estimate similarity based on soft/fuzzy matching (which would result lower thresholds), 
while string-based methods use hard/strict matching (which would result higher thresholds, as 
it cannot distinguish the soft matching case from the un-matched case). 

•  Finally, we have discovered that when the additional sentence length limitation is imposed, 
the performance drops across all approaches, with the biggest difference for the Sequence 
Matching approach. One possible explanation is that shorter sentences are easier to be 
mistakenly linked because they have less distinctive tokens (e.g., when comparing short 
sentences like “John Walker went.” and “John Walker came.”, the similarity between them will 
be always high because there is only one distinguishing token; however, it would be a less 
serious issue for the cases with longer sentences). Another reason might be that the sentence 
length limitation implicitly removes the trivial cases from the dataset, i.e., those cases where 
the whole paragraph only contains a single long sentence that will be automatically mapped to 
its corresponding paragraph (and forms a 1-1 mapping). Such cases are more likely to appear 
in the full dataset, which would make the overall result higher on this dataset. 

6. Conclusions 

We have presented the first comparison among various model-agnostic similarity measures used 
for aligning sentences among paraphrased paragraphs. For most cases, we find that embedding-
based similarity measures outperform the string-based approaches (including the previous 
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SOTA character trigram approach tested on the TS dataset), and sentence-embedding-based 
methods are preferable to the word-embedding-based methods for most search mechanisms 
except the uni-directional greedy matching. 

Additionally, our results have shown that in calculating the similarity for sentence 
alignment, word vector averaging is better than adopting the [CLS] token when retrieving a 
representation of a whole sentence from a BERT-based model. 
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探討語者驗證系統中特徵處理模組與注意力機制 
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摘要 

本論文建構並替換不同的音訊特徵前處理模組與注意力機制來改進語者驗證

系統。我們使用了基於 ECAPA-TDNN 所改進的模型作為基準模型，並透過替

換與組合不同的前處理模組與注意力機制來進行比較，以選出最佳的組合作為

論文提出的最終模型。訓練上我們使用了 VoxCeleb 2 資料集進行訓練，並使

用多個測試集來測試模型的表現。最終模型在 VoxSRC2022 驗證集中對比基

準模型有 16% 的進步幅度，成功在語者驗證系統上取得了更好的成效。 

Abstract 

In this paper, we use several combinations of feature front-end modules and attention 
mechanisms to improve the performance of our speaker verification system. An 
updated version of ECAPA-TDNN is chosen as a baseline. We replace and integrate 
different feature front-end and attention mechanism modules to compare and find 
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the most effective model design, and this model would be our final system. We use 
VoxCeleb 2 dataset as our training set, and test the performance of our models on 
several test sets. With our final proposed model, we improved performance by 16% 
over baseline on VoxSRC2022 valudation set, achieving better results for our 
speaker verification system. 

關鍵詞：語者驗證、前處理模組、注意力機制、時延神經網路 
Keywords: Speaker Verification, Frontend Module, Attention Mechanism, Time 
Delay Neural Network 

1. 緒論 (Introduction) 

隨著資訊科技的日新月異，大量的數位化資訊充斥在我們的生活當中，透過各式各樣新

穎的設備，任何事物、資料都可以被電子化的儲存，並隨時傳送到地球上的任何地方，

這使得人們得以跳脫固有的時間與空間上限制，能以更為宏觀的視角來探索這個世界。

然而，當每個人對這些通訊設備的依賴度越來越高時，個人資訊被不合法的洩漏、利用

的情形也日漸增加，如何保護自身的資訊安全是一個非常迫切的議題。 

語者辨識技術便是其中一項在近年來越來越受到重視的資訊防護方法，藉由這項技

術，我們可以將語者的聲紋特徵轉換成具有語者特徵的嵌入向量，透過比對這個嵌入向

量來對當前語者的身分進行確認，以防止個人資訊被偽造及竊取。 

近年來，有許多過去在圖像領域發光發熱的模型結構被帶入到聲學領域當中，並為

語者驗證技術帶來了極大的突破，像是以時延神經網路（Time Delay Neural Network, 
TDNN）作為主幹，並在其中引入了 Res2Net (Gao et al., 2021) 多分支卷積結構與 SENet 
(Hu et al., 2018) 注意力機制的 ECAPATDNN (Desplanques et al., 2020) 與基於傳統二維

卷積神經網路建構的 ResNet (He et al., 2016a)，兩者都在近年的語者驗證競賽中取得亮

眼的表現。而鑒於兩種截然不同架構都在競賽上取得優秀的成果，希望能夠集合兩種架

構優點的新型架構被研究出來，也就是 ECAPA CNNTDNN (Thienpondt et al., 2021)。在

該模型中，ResNet 結構被設計為 ECAPA-TDNN 的前處理模組，用於降低輸入音檔特徵

頻譜圖在頻率軸上的偏移，透過卷積操作重組與保留較重要之特徵訊息。該結構在實驗

上進一步的提高模型的表現，並為語者驗證模型的變化性增加了更多的可能性。 

在本篇論文中，我們使用基於 ECAPATDNN 架構進行改進的 Improving 
ECAPATDNN (Zhang et al., 2021) 做為基底，透過修改部份結構以提出 IM ECAPA-TDNN 
做為本次的基準模型，並將其依照 ECAPA CNNTDNN 的架構設計進行擴增。我們的實

驗與分析集中在不同的前處理模組以及注意力機制上。首先，我們會將前處理模組替換

為不同的結構進行訓練，除了原始的 CNN 結構外，我們另外實驗了預激活的 CNN 結
構以及導入兩個維度注意力的 MFA 模組(Liu et al., 2022)。之後我們會取這三組模型中

表現較好的模型替換其中使用的注意力機制，將原有的 SE 模組分別替換成 CBAM 模
組(Woo et al., 2018) 以及 GC 模組(Cao et al., 2019)。在我們的最終模型中，使用了預激

活的 2D CNN 模組作為前處理模組以及 CBAM 模組作為模型的注意力機制，在
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Voxceleb 1-O、Voxceleb 1-E、Voxceleb 1-H 及 VoxSRC2022 測試集上都實現了比起基

準模型更好的表現。 

本文主要分為五個部份，第一部份為緒論；第二部份為研究方法，會介紹使用到的

資料前處理方法、模型架構、特徵前處理模組以及注意力機制；第三部份為實驗設置，

說明實驗所使用到的資料集、參數設置以及評估準則；第四部份為實驗結果，會比較不

同前處理模組與注意力機制的實驗數據，並根據實驗結果進行分析與討論；第五部份為

結論。 

2. 研究方法 (Research Methods) 

在這個章節我們將會詳細的講解本次實驗所使用到的各種方法，包含對輸入音檔進行的

處理、主幹模型架構的細節、不同前處理模組以及不同注意力機制的介紹。實驗上我們

使用了 VoxSRC 官方所提供的訓練工具(Chung et al., 2020) 進行訓練，並以 IM ECAPA-
TDNN 做為基準模型，透過結合不同的前處理模組以及注意力機制觀察這些改動對模型

效能所造成的影響。 

2.1 資料前處理 (Data Preprocessing) 
為了提高模型的強健性以及避免產生過度擬和（overfitting）的狀況，我們利用了資料增

強的方法增加訓練資料的多樣性。透過對訓練音檔加入噪音跟迴響，能夠有效的提昇模

型的泛化能力，使其在推論階段的表現更加優秀。而在將音檔轉換為特徵向量方面，在

參考了近年競賽中各隊伍的作法後，我們選用梅爾頻譜作為主要聲學特徵。 

2.1.1 資料增強 (Data Augmentation) 
我們使用了兩種用於資料增強的資料集來對我們的訓練資料進行強化。首先是透過

MUSAN 資料集(Snyder et al., 2015) 來為輸入音檔加入噪音，在 MUSAN 資料集中共分

成了三個部份，分別為語音（speech）、音樂（music），以及噪音（noise），語音部份

的內容全都是來自公共場合中的背景說話聲，包含朗讀書本章節以及美國政府部門聽證

會等等，語音部份總共由 12 種語言組成，其中以英語的比例為最多；音樂部份的內容

包含了多種不同時期、流派的音樂，比如有傳統流派的巴洛克、浪漫、古典音樂，也有

流行流派的爵士、藍調、嘻哈音樂等等；噪音部份的內容則包含了科技性噪音（如撥號

音、傳真機噪音等）以及環境聲音（如雷聲、雨聲、動物噪音等），有些檔案也會有包

含模糊的人群噪音。另一個則是利用 RIR（Room Impulse Response，空間脈衝響應）資

料集(Ko et al., 2017) 將音檔加入迴響（Reverberate），在 RIR 資料集中有真實與模擬的

聲音資料，我們只會使用模擬的空間音進行資料增強。 
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2.1.2 聲紋特徵擷取 (Acoustic Feature Extraction) 
我們使用 80 維的梅爾頻譜（Mel-filter bankfeatures，FBank features）作為我們的主要聲

學特徵，理由是相較於梅爾倒頻譜係數（Mel-Frequency Cepstral Coefficients，MFCC）來

說，梅爾頻譜因為沒有經過 DCT 變換，使得其保留了更多的聲音訊號資訊，能夠在分析

語者特徵上取得更好的結果。 

2.2 模型架構 (Model Architecture) 
在 ECAPA-TDNN 推出之後，得益於優秀的多層聚合策略以及多尺度特徵卷積，該模型

在各個語者驗證競賽中都取得優秀的表現，許多人也以其架構作為基底進行不同程度的

改良。本篇論文我們以基於 ECAPA-TDNN 改進的 Improving ECAPA-TDNN 作為基底，

配合後續實驗進行調整，降低了模型計算量並維持相近之模型表現。我們把修改後的模

型命名為 IM ECAPA-TDNN，並將其作為本篇論文中的基準模型。 

2.2.1 Improving ECAPA-TDNN 
Improving ECAPA-TDNN 是基於 ECAPATDNN 所設計的一個改進版本。在該模型中，

Zhang et al.使用了帶有 SE 注意力機制的 SCBlock (Liu et al., 2020) 取代了原始架構主幹

網路裡的 Res2Block，通過 SC-Block 所帶有的自校準計算及分割卷積來獲得更大的感受

野（receptive field）及上下文的空間注意力，以此避免特徵中不必要的資訊，並在 SC-
Block 後面接上 SE-Block，透過注意力機制使有效特徵圖（feature map）權重要大於低效

的特徵圖。Zhang et al.還在每一層 SE-SC-Block 之間插入聚合（aggregation）層的結構，

用來將不同分辨率的特徵串接整合並降採樣為下一層 SE-SC-Block 的輸入大小。這些聚

合層會與原始 ECAPA-TDNN 的多層聚合方法結合，使模型成為一個階層式的聚合結構，

也就是每一層 SE-SC-Block 的輸出都會作為之後每一層聚合層的輸入，而越接近模型尾

端的聚合層就會融合越多不同分辨率的特徵，以提取更具語者資訊的嵌入向量。 

2.2.2 IM ECAPA-TDNN 
我們以 Improving ECAPA-TDNN 作為基底進行修改，最主要的改動便是我們減去了一

層聚合層結構，與此同時也減去了一層的 SESC-Block，並將第一層 TDNN 結構的輸出

也作為後面各聚合層的輸入，修改後的模型如圖 1 所示。我們想要透過聚合層來將保留

更多特徵資訊的第一層 TDNN 輸出向量一併與後面每一層的 SE-SC-Block 的輸出向量

進行特徵重組，以此來獲取更多的語者特徵訊息；而將 SE-SC-Block 及聚合層各減少一

層的主要是考量到實驗彈性，由於首層 TDNN 的輸出會加入到每一層聚合層當中進行特

徵重組，若是保留原有的四層結構，在替換前處理模組以及注意力機制的實驗上便會出

現硬體限制的情況發生。基於以上原因，我們對原始的 Improving ECAPA-TDNN 進行了

修改，並將修改後的模型命名為 IM ECAPA-TDNN。 
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  圖 1. 修改提出的 IM ECAPA-TDNN。其中 C 表示通道數，T 表示音框數， 
       S 表示分類與者數量。 
 [Figure 1. The proposed IM ECAPA-TDNN. C denotes aschannels, T denotes as 
          frames, S denotes as numbersof speaker.] 

2.3 特徵前處理模組 (Feature Preprocessing Modules) 
在 ECAPA CNN-TDNN 的研究成果中，通過將輸入音檔的特徵頻譜圖先傳入前處理模組

中進行特徵重組，再將重組後的特徵圖在通道及頻率維度攤平（flatten），使其作為一般

輸入傳入 ECAPA-TDNN 進行訓練能夠有效的提高模型表現，因此我們將這個設計加入

基準模型當中。我們在 IM ECAPA-TDNN 前面實作了 3 種不同結構的前處理模組進行

實驗，分別為原始論文中的 2D CNN 模組、經過預激活（pre-activation）修改的 2D CNN 
模組，以及引入兩維度注意力 MFA 模組。 
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2.3.1 2D CNN 模組 (2D CNN Module) 
為原始在 ECAPA CNN-TDNN 中所使用的前處理模組，通過一般的二維卷積與 ResNet 
結構中的 ResBlock 進行組合而成，在實做上我們還有在 ResBlock 中加入 SE 模組，整

體結構如圖 2 所示。由於實驗環境以及訓練時間等因素考量，我們將 residual block 的
通道數下調為 64 以降低模型大小，同時參照原始模型設定將第一個及最後一個二維卷

積的步幅（stride）設置為 2 來增加計算效率。 

 
圖 2. 2D CNN 模組。其中 C 表示通道數，T 表示音框數。而卷積中的 k 與 s 

表示卷積核大小及步伐長度。 
[Figure 2. 2D CNN module. C denotes as channels, T denotes as frames. k and s in 
         convolutions denote kernel size and stride.] 

2.3.2 預激活的2D CNN 模組 (Pre-activated 2D CNN Module) 
我們參考了(He et al., 2016b) 中對殘差網路的研究結果，在該研究中表明當在 ResBlock 
的捷徑連結（shortcut connection）上進行任何操作都會降低模型的表現；同時若是將模

型中的激活函數從傳統的後激活（post-activation）改為預激活（pre-activation），能夠使

模型更易於訓練，並有效的提高模型的泛化度。基於上述研究結果，我們將 2D CNN 模
組中 ResBlock 的結構順序進行調整，新結構與舊結構比較如圖 3 所示。 
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(a) original (b) pre-activation 

圖 3. 原始 SE-ResBlock 與預激活結構之比較。⊕ 表示元素對應相加。
[Figure 3. Comparison between original and pre-activation SE-ResBlock. 
        ⊕ denotes aselement-wise addition.] 

2.3.3 MFA 模組 (MFA Module) 
MFA 模組是 Liu et al.在 MFA-TDNN 中設計用來取代 2D CNN 模組的新結構，其中使

用了一個 Res2Block 變體來取代 ResBlock，這個變體是在傳統的 Res2Block 中改進了兩

個新結構，也就是雙通道多尺度模組（dualpathway multi-scale module）以頻率及通道注

意力模組（frequency-channel attention module），模組結構如圖 4 所示。雙通道多尺度模

組的做法是在 Res2Block 中的每個分支卷積後額外再進行一個 TDNN 模組的卷積，並

且這個模組的輸出會傳入到另一個分支當中，這就與 Res2Net 原有的卷積輸出形成了雙

通道輸入到另一個分支中進行計算。頻率及通道注意力模組則是建構在前面提到的

TDNN 模組當中，結構如圖 5。其整體的概念其實與 SE 模組相似，不同的是特徵向量

通過全局平均池化（Global average pooling，GAP）後是會留下頻率以及通道兩個維度的

平面向量，接著將此向量攤平進行 SE 模組中激發（excitation）計算，最後再將激發後

的向量重塑（reshape）回原來的平面向量並且作為權重值乘回原始的特徵向量。 
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圖 4. MFA 模組。其中 C 表示通道數，T 表示音框數，卷積中的 k 與 s 表示

卷積核大小及步伐長度，⊕ 表示元素對應相加。 
[Figure 4. MFA module. C denotes as channels, T denotes as frames, k and s in 

convolutions denote kernel size and stride, ⊕ denotes as element-wise 
addition.] 
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圖 5. MFA 模組中的 Att-TDNN 模組之結構。其中 C 表示通道數，T 表示音框

數，⊙ 表示元素對應相乘。 
[Figure 5. Att-TDNN module, which inside the MFA module. C denotes as 

channels, T denotes as frames, ⊙ denotes as element-wise product.] 

2.4 注意力機制 (Attention Mechanisms) 
在原始的 ECAPA-TDNN 及後續的各個改進版本中，不論如何修改、擴增網路結構，其

中都會引入注意力機制來提高模型整體的表現。就我們的基準模型以及 2D CNN 模組中

使用到的 SE 模組來說，SE 模組會對特徵向量操作後取得特徵向量各通道不同的權重，

透過權重，我們可以抑制特徵中不重要的資訊，並有效的將重要的特徵資訊給凸顯出來。

而考慮到在 SE 模組問世至今，已有許多後起之秀在各大競賽中脫穎而出，藉由自身獨

特的結構設計進一步增強注意力機制在模型上的影響，我們在此替換並比較包含 SE 模
組在內，共計 3 種不同結構的注意力機制在本次語者驗證系統上的表現，要替換成的模

組分別是 CBAM 模組以及 GC 模組。關於這些注意力模組的詳細結構請見圖 6。而由於

MFA 模組中自身較特殊的注意力設計，我們並不會替換 MFA 模組當中使用的注意力

機制。 

2.4.1 SE 模組 (SE Module) 
SE（Squeeze and Excitation）模組為原始結構中所使用的注意力機制模組，模型結構如圖

6(a) 所示。其透過壓縮（squeeze）與激發（excitation）兩步驟來計算不同通道的權重。

首先是壓縮，輸入特徵會對通道以外的維度進行全局平均池化計算，以取得各個通道的

記述子（descriptor）；再來是激發，各通道的記述子會輸入兩層卷積層中進行降維升維
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的操作，來學習不同通道記述子的重要程度，並透過 sigmoid 函數將其轉換成通道權重

乘回原始特徵向量當中。 

  
 

 (a) SE 模組(SE module)   (b) CBAM 模組 
     (CBAM module 

 (c) GC 模組(GC module) 

圖 6. 不同注意力機制模組之結構。⊙ 表示元素對應相乘，⊗ 表示矩陣相乘，
⊕ 表示元素對應相加。 

[Figure 6. Different attention mechanism architectures. ⊙ denotes as element-
wise product, ⊗ denotes as matrix multiplication, ⊕ denotes as element-
wise addition.] 

2.4.2 CBAM 模組 (CBAM Module) 
CBAM（Convolutional Block Attention Module）模組是基於 SE 模組的擴展，模型結構如

圖 6(b) 所示。其在計算完通道權重之後，會接著計算空間權重以突顯更重要的空間特徵。

同時在兩種權重的計算當中除了使用全局平均池化之外，還會使用全局最大池化（Global 
map pooling，GMP）來取得更多不同的資訊。 

2.4.3 GC 模組 (GC Module) 
GC（Global Context）模組是將 SE 模組與 Non-local 模組(Wang et al., 2018) 進行結合而

成，模型結構如圖 6(c) 所示。鑑於 Non-local 模組優秀的上下文建模（context modeling）
能力與 SE 模組輕量的計算結構， Cao et al.通過簡化 Non-local 模組，然後將 Non-local 
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模組的特徵轉換層修改為類 SE 模組的結構以融合兩模組的優點。透過這樣的設計，GC 
模組在各項電腦視覺領域的競賽當中皆有不俗的表現。 

3. 實驗設置 (Experiments) 

這個章節我們會介紹本論文實驗中所使用到的訓練資料集以及測試資料集，也會詳細描

述模型在訓練中所設置的各項超參數，並說明最終用來評估模型表現的準則。 

3.1 資料集 (Datasets) 
我們使用 VoxCeleb 2 (Chung et al., 2018) 中 dev 的部份作為我們的訓練資料集，並使用

以 VoxCeleb 1 (Nagrani et al., 2017) 資料集音檔所組成的 VoxCeleb 1-O/E/H 測試集以及

VoxSRC 2022 的驗證集作為本次模型的測試集。我們並沒有使用語音活性偵測（Voice 
activity detection，VAD）對實驗音檔進行調整。 

3.2 參數設置 (Implementation details) 
為了公平比較模型表現，所有模型皆套用了相同的訓練策略進行訓練：使用 Adam 優化

器（optimizer）調整神經網路參數，初始學習率為 1e-03，每 10 個 epoch 會減少 25%。

使用 AAM-Softmax 作為損失函數，其中 margin 設為 2，scale 設為 30。訓練期間應用

權重衰減來防止模型過度擬合，將值設為 2e-05。訓練時的 batch size 設置為 256，並訓

練 100 個 epoch 取其中最好的模型參數。主幹網路 IM ECAPA-TDNN 中的通道數量皆

設置為 512，語者嵌入的輸出大小設置為 192；在前處理模組方面，2D CNN 模組不論是

否為預激活其通道大小都設置為 64，而 MFA 模組基於模型大小則設為 32。 

3.3 評估準則 (Evaluation Metrics) 
我們以等錯誤率（Equal Error Rate, EER）以及最小檢測成本函數（Minimum Detection Cost 
Function, MinDCF）作為我們評估系統表現的準則。其中最小檢測成本函數依照 VoxSRC 
2022 設定的標準，將參數設置為 Cmiss=1、Cfasle=1、Ptarget=0.05。我們並沒有使用任何分

數正規化方法對分數進行調整。 

4. 實驗結果 (Experimental Results) 

我們首先比對了原始 ECAPA-TDNN 與本次作為基準模型的 IM ECAPA-TDNN 在最簡

單的 VoxCeleb1-O 及最困難的 VoxSRC2022 驗證集上的表現，其結果如表 1 所示。可

以看到經過修改後的 IM ECAPA-TDNN 雖然在困難資料集上的表現與原始 ECAPA-
TDNN 相差無多，但在簡單資料集上明顯是更為優秀的一方。 

接著我們會分別討論不同的前處理模組以及不同的注意力機制對模型表現所造成

的影響，並將表現最好的組合做為我們的最終模型。所有模型在各個測試集上的詳細結

果如表 2 所示。 
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表 1. IM ECAPA-TDNN 與 ECAPA-TDNN 在最簡單及最困難的資料集上之表現
比較 

[Table 1. Comparisonthe performance beteen IM ECAPA-TDNNand ECAPA-TDNN       
on the easiest and the hardiesttest sets.] 

Architecture 
VoxCeleb1-O VoxSRC2022 val 

EER(%) minDCF EER(%) minDCF 

ECAPA-TDNN (Re-implemented) 1.3770 0.0931 3.6735 0.2479 

IM ECAPA-TDNN 1.2600 0.0849 3.6824 0.2462 

表 2. 不同模型在各測試集上的表現比較 
[Table 2. Comparison the performance between different models on each test sets.] 

Architecture 
VoxCeleb1-O VoxCeleb1-E VoxCeleb1-H VoxSRC2022 val 

EER(%) minDCF EER(%) minDCF EER(%) minDCF EER(%) minDCF 

IM ECAPA-TDNN 
(baseline) 1.2600 0.0849 1.4733 0.0941 2.6891 0.1621 3.6824 0.2462 

不同的前處理模組 

IM ECAPA CNN-
TDNN 1.1218 0.0886 1.2763 0.0825 2.3318 0.1475 3.2230 0.2144 

IM ECAPA CNN-
TDNN (pre-act) 1.0424 0.0739 1.2646 0.0831 2.3518 0.1415 3.4471 0.2198 

IM ECAPA MFA-
TDNN 1.0424 0.0797 1.2632 0.0813 2.3526 0.1439 3.2535 0.2118 

不同的注意力機制 

IM ECAPA CNN-
TDNN (pre-act) 
with SE 

1.0424 0.0739 1.2646 0.0831 2.3518 0.1415 3.4471 0.2198 

IM ECAPA CNN-
TDNN (pre-act) 
with CBAM 

1.1484 0.0817 1.2507 0.0821 2.3500 0.1437 3.1160 0.2053 

IM ECAPA CNN-
TDNN (pre-act) 
with GC 

1.2552 0.0992 1.3807 0.0926 2.5533 0.1551 3.4990 0.2282 

4.1 前處理模組的比較(Comparison between Feature Prepocessing Module) 
在加入了前處理模組之後，所有的模型相較於基準模型都有顯著的進步。相比於 2D CNN
模組在各個資料集上都有穩定的發揮，預激活的 2D CNN 模組雖然在相對簡單的

Voxceleb1-O 測試集上明顯優於原始的 2D CNN 模組，但是其在複雜度越高的測試集上

表現卻較為差勁，我們認為主要是由於我們使用了輕量的 IM ECAPA-TDNN 作為主幹
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網路，而在(He et al., 2016b) 中表明了預激活的 ResBlock 要在深層的網路結構中才能發

揮效果，所以才造成預激活 2D CNN 模組在複雜測試集上表現不佳的原因。而 MFA 模
組得益於其多尺度多維度注意力的卷積結構，其在簡單的測試集上可以做到與使用預激

活 2D CNN 模組一樣優異的表現，並在複雜的測試集上表現相對穩定。 

4.2 注意力機制的比較 (Comparison between Attention Mechanisms) 
考慮到 MFA 模組本身自帶的注意力機制無法輕易變動，我們在 2D CNN 模組中選擇了

預激活的版本替換其注意力模組，來觀察各注意力機制對模型表現造成的影響。SE 模組

在相對簡單的 Voxceleb1-O 測試集上依舊有著較佳的表現，但是 CBAM 模組在其他更

為複雜資料集對比另外兩個注意力模組都有著更優秀的結果。會有這樣的差異我們認為

是因為 CBAM 模型引入空間注意力能夠有效的將更多重要的語者特徵突顯出來，且相

比 SE 模組只做了全局平均池化，CBAM 還加入了全局最大池化進行計算以取得不同方

面的資訊，這些設計讓模型能夠在複雜的測試集上擷取更細微的特徵進行辨識，進而提

高了辨識結果的表現；對比 CBAM 的優異表現，GC 模組反而在所有測試集的表現都不

突出，會有這樣的問題我們認為是模組的設計與 TDNN 結構衝突，將模組結構硬是改寫

為相容 TDNN 反而造成擷取特徵時產生冗餘的資訊，導致 GC 模組連 SE 模組的表現都

達不到。 

4.3 最終提出模型 (Final Proposed Model) 
根據我們上述的實驗結果，我們將帶有預激活 2D CNN 前處理模組，並替換注意力機制

為 CBAM 的 IM ECAPA-TDNN，即表 2 中的 IM ECAPA CNN-TDNN (pre-act) with CBAM 
做為我們的最終提出模型。相比與基準模型，我們的最終模型在各測試集上都有明顯的

進步，以最複雜的 VoxSRC2022 驗證集來說，最終模型在 EER 值與 minDCF 值上分別

有 15.4% 以及 16.6% 的進步幅度。 

5. 結論 (Conclusions) 

本論文提出了基於 Improving ECAPA-TDNN 修改的 IM ECAPA-TDNN 結構作為我們的

基準模型，並透過結合不同的前處理模組以及調整注意力機制來對模型表現進行進一步

的強化。我們提出的最終模型通過結合預激活的 2D CNN 前處理模組與替換注意力機制

為 CBAM 模組，在各項測試集上的表現對比基準模型都有著大幅提昇。未來我們將會

以此為依據來修改其他更加複雜的主幹網路，希望能夠藉此來進一步的提昇我們語者驗

證系統的效能。 
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摘要 

本論文提出中英文語碼轉換語音合成系統。為了使系統可專注於學習不同語言

間的內容，利用已統一語者風格的多語言人工資料集進行訓練。之後在合成器

中加入語言向量，以增加系統對多語言的掌握。此外對輸入的中、英文分別進

行不同的前處理，將中文進行斷詞且轉為漢語拼音，藉此增加語音的自然度，

且減輕學習時的複雜度，也透過數字正規化判斷句子中的阿拉伯數字，是否需

要加上數字單位。英文部份則對複雜的頭字語進行讀音判斷與轉換。 

Abstract 

In this paper, the Mandarin-English codeswitching speech synthesis system has been 
proposed. To focus on learning the content information between two languages, the 
training dataset is multilingual artificial dataset whose speaker style is unified. 
Adding language embedding into the system helps it be more adaptive to 
multilingual dataset. Besides, text preprocessing is applied and be used in different 
way which depends on the languages. Word segmentation and text-to-pinyin are the 
text preprocessing for Mandarin, which not only improves the fluency but also 
reduces the learning complexity. Number normalization decides whether the arabic 
numerals in sentence needs to add the digits. The preprocessing for English is 
acronym conversion which decides the pronunciation of acronym. 
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1. 緒論 (Introduction) 

語碼轉換（Code-switching）是指在一句話或多句話裡，含有一種以上的語言被交替使用，

這種情況在現今社會中十分常見，為因應這種趨勢，語音合成系統也朝著多語言

（Multilingual）的方向發展。現今的語料多為單語言，較少有同一語者的多語言語料，

這導致語碼轉換在訓練時會遇到許多問題，像是語者無法合成非母語的語句，亦或是語

者隨著句子語言轉換而改變的狀況。為解決上述問題，我們參考任意語者風格中英文語

音合成系統(Wang, 2021)，做為我們的資料生成模型，給予系統一個參考音檔，其可生成

與參考音檔相同語者風格的聲音訊號，藉此系統統一多語言資料集的語者風格，以建置

多語言語音合成系統。 

在本文中，使用 FastSpeech2 (Ren et al., 2020) 做為合成器， 將編碼器與解碼器改

為(Gulati et al., 2020) 所提出的Conformer架構，聲碼器使用HiFi-GAN (Kong et al., 2020)。
此外為增加系統對於多語言的掌握，於合成器中加上語言向量（language embedding），

並為句子依中、英文編上語言 ID（language ID），而語碼轉換的句子無法直接以單一語

言 ID 表示，對此在實驗中進行了處理。 

我們發現因中文數量龐大、字詞讀音多變，因此將中文字轉換為漢語拼音，降低系

統學習時的複雜度。此外也發現交雜在中文句子中的阿拉伯數字，有需要數字單位與否

的問題，於是對此進行正規化。而在英文中經常使用的頭字語，是指將一句話或較長的

名詞，縮寫成連續大寫字母，其發音分為字母讀音或視為新單字，要系統完整學習所有

的英文頭字語是較為困難的，我們創建頭字語字典，以便進行分類讀音方式，並進行轉

換，我們透過對文本進行資料前處理，以降低複雜度，提升中文、英文語音合成之正確

率。 

論文之其餘章節安排如下，章節二：研究方法描述系統架構、改進方法及文字前處

理；章節三：實驗設置描述資料集與模型參數設定；章節四：實驗結果對基礎架構與改

進後的系統進行比較；章節五：總結我們系統的優點和未來的改進方向。 

2. 研究方法 (Research Methods) 

以 Conformer-FastSpeech2 加上語言向量作為模型架構，為了提升中、英文語音合成的品

質，分別對輸入的中文和英文文本做不同的前處理。在中文方面，使用中文斷詞、文字

轉拼音與數字正規化，英文則執行縮寫讀法判斷與轉換，並且針對語碼轉換做語言 ID 編
碼，與因中、英文語速差異進行的調整。 

2.1 多語言語音合成系統 (Multilingual Speech Synthesis System) 
在本文中， 使用 FastSpeech2 (Ren et al., 2020) 做為合成器， 聲碼器使用 HiFi-GAN (Kong 
et al., 2020)。 

FastSpeech2 是一個非自迴歸(Non-autoregressive)的模型，可用更短的時間合成出與

自迴歸 (Auto-regressive) 模型相同品質的語音。架構中的編碼器和解碼器使用
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Transformer 架構，在我們系統中將 Transformer 改為 Conformer (Gulati et al., 2020)，並

命名為 Conformer-FastSpeech2（CFS2）。Conformer 結合了 Transformer 和卷積模組

(Convolution module) 以增強效果，其網路包含前饋神經網路（Feed Forward Module）、

多頭自注意力機制（Multi-Head Attention Module)、卷積模組、層正歸化（Layer 
Normalization)。系統架構如圖 1，而圖右半邊則為 Conformer 的架構。 

 
圖 1. Conformer-FastSpeech2 系統架構圖，基於 FastSpeech2 加入語言向量。    

右半邊為 Conformer 的架構，其基於 Transformer 架構再加上卷積模組以
增強效果。 

[Figure 1. The architecture of the Conformer-FastSpeech2 is based on the 
backbone of FastSpeech2 and combined with language embedding. The 
right handside of the figure is the architecture of Conformer which is 
associated with Transformer and convolution module to enhance feature 
extraction.] 

在架構中加入語言向量， 並將其和 phoneme embedding 串接在一起做為編碼器的

輸入。藉此提升系統合成多語言的表現，另外，依照資料的語言給予編號，稱為語言 ID，
使用 0 和 1 為 language ID 分別表示英文與中文。 



 

 

50                                                               練欣柔 等 

2.2 中文資料前處理 (Mandarin Data Preprocessing) 
由於人們在交談時是有些微停頓的，為了讓系統學習語音這些細節， 我們首先使用了一

個 python 工具名為 Jieba (Sun, 2012) 進行中文斷詞（Word segmentation），當中共有四

種不同的斷詞模式，實驗中使用預設的精確模式，利用將符號置於斷詞處，以表示語句

中的停頓，進而提升語音的自然度。此外 Jieba 工具可自行匯入符合使用者需求的字典，

實驗中將 CKIP team (Ma & Chen, 2004) 的字典匯入，以提升斷詞的準確度，也將 CLMAD 
(Bai et al., 2018) 整理成另一份擴充字典，當系統應用於特殊領域時可匯入。 

然而因為中文字本身數量龐大、字詞讀音多變，要系統學習所有的字詞是過於複雜

的，因此不可直接將其作為輸入。於是我們利用 pypinyin 將中文字轉換成漢語拼音，其

為一個 grapheme-to-phoneme（G2P）的 python 工具，以英文表示拼音，並用數字表示聲

調（Tone），藉由此拼音組合的轉換簡單化中文的表示，使系統可以用較簡單的方式學

習中文的發音。表 1 為中文斷詞及文字轉拼音的範例。 
表 1. 中文資料前處理。先對文本進行中文斷詞，再將其轉換為漢語拼音。 
[Table 1. Mandarin Data Preprocessing. Word segmentation would be applied 

before text-to-pypinyin.] 
前處理方法 文本狀態 

原始文本 明天不會下雨 

中文斷詞 明天* 不會* 下雨 

文字轉拼音 ming2 tian1 * bu4 hui4 * xia4 yu3*。. 

此外我們還發現，當阿拉伯數字若在中文句子中時，會有是否需要唸出數字單位的

差異，數字單位是指個、十、百、千、萬等。因此我們參考 1Chinese Text Normalization 
作為基礎概念，其做法為將數字的常用情況進行分類，並以 Regular Expression 對數字找

出相對應的模式，再判斷是否需加上數字單位，然而我們對模式內容進行修改，使其更

貼近我們所需，共有五大種模式，表 2 為各模式的例子及正規化後的結果。 

2.3 英文資料前處理 (English Data Preprocessing) 
英文的頭字語可細分為 acronym 和 initialism，兩者的差異是縮寫後的單字該如何發音。

acronym 指將縮寫後的單字讀為一個新的詞，例如：NASA 會讀做“na-suh”，FOMO 讀

做“fow-mow”，而 initialism 則是指在發音上只念字母的讀音，而非視為一個新的詞，

像是 FBI、NBA、BBC 等。然而由於頭字語為 acronym 或是 initialism，較難單純以文字

進行分類，這導致系統難以學習，因此我們收集大量的頭字語，自行建立了一個頭字語

字典，當輸入的文本含有全大寫的英文時，搜尋字典確認此輸入是否為 initialism，若是，

則將字母轉換為相似讀音，以增加合成的正確性，若非則不做更改，舉例來說，當 BBC 
經確認是 initialism ，會轉換為“bee bee ci”，FBI 則會轉換為“ef bee I”。 

 
1 https://github.com/speechio/chinese_text_normalization 
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表 2. 輸入的文本以 Regular Expression 找出相對應的模式，判斷是否要加上數
字單位或其他處理。 

[Table 2. Use Regular Expression to check the pattern of the text, and decides 
whether it requires additional number units.] 

模式名稱 範例文本 正規化結果 

Date 
1986 年 8 月 18 日 一九八六年八月十八日 

1997/9/15 一九九七年九月十五日 

Money 19588 元 一萬九千五百八十八元 

Phone 手機 0919114115  零九一九一一四一一五 

Phone 市話 02-2720-8889  零二二七二零八八八九 

percentage 62%  百分之六十二 

cardinal 量詞 

1999 個蘋果 一千九百九十九個蘋果 

130 顆球 一百三十顆球 

124000 瓶水 十二萬四千瓶水 

cardinal 編號 cardinal 編號學號是 103040100 學號是一零三零四零一零零 

cardinal 純數 175.5 公分 一百七十五點五公分 

2.4 針對語碼轉換之處理 (Process for Code-switching) 
在訓練階段，使用英文和中文兩種語言 ID 進行語言向量。然而在合成階段，若輸入為

語碼轉換的文本，無法單純以中文或英文予以編號。為此設立編定語言 ID 於語碼轉換

文本之方法，如圖 3 所示，首先依語言分段輸入的文本，計算各分段的字元長度，藉由

相對位置予以對應的語言 ID 且進行語言向量。分段後的文本分別進行資料前處理，再

進行音素向量（phoneme embedding）作為編碼器的輸入。最後將編碼器輸出的隱藏特徵

序列（hidden state sequence），和語言向量的輸出相加，獲得新的隱藏特徵序列進行後續

的訓練。 

由於中、英文資料集的語速差異，導致系統在合成語碼轉換之句子時，會有英文部

份語速較快而感到不自然的問題。FastSpeech2 架構中的 Length Regulator，有一參數 α 
可調整 duration predictor 輸出的時長（duration）大小，藉此改變梅爾頻譜圖的隱藏特徵

序列長度，α 預設為 1。若 α= 1.5，表示將時長序列乘上 1.5 倍，進而使隱藏特徵序列拉

長 1.5 倍，即為放慢速度。搭配語言 ID，即可透過相對位置單獨調整英文的速度。兩者

差異如圖 2。左圖為無搭配語言 ID，針對整個序列進行調整。右圖則為單獨對英文進行

調整，將英文部份的時長與 α 相乘，四捨五入，獲得新的時長序列。 
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圖 2. Length Regulator 的作法。以 Length Regulator 中之參數α 調整隱藏特徵

序列長度架構圖。D 表示時長（duration），Hpho 表示 phoneme 的 
隱藏特徵，Hmel 為梅爾頻譜圖的隱藏特徵。右側為依語言 ID 選取要調整
的時長元素，再將元素乘上α 後四捨五入，得到新的時長以調整序列長
度，左側則為對全部序列進行調整。 

[Figure 2. Length Regulator. Use the parameter α in Length Regulator to adjust the 
length of the hidden state sequence. D denotes duration. Hpho denotes the 
phoneme hidden state. Hmel denotes the mel-spectrogram hidden state. The 
right handside of the figure shows that the specific duration is decided by 
the language ID. The duration elements multiply α and round it to get a 
new duration sequence. The left hand side of the figure adjusts all 
sequence.] 
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圖 3. 語碼轉換語言向量流程圖，LanEmb 表示語言向量。將輸入文本依語言分

段並編號語言 ID，每段依序進行資料前處理、音素向量，將結果做為編碼
器的輸入。對語言 ID 進行語言向量，將輸出與編碼器的輸出相加。 

[Figure 3. Flow chart of the code-switching language embedding. LanEmb denotes 
language embedding. The input would be categorized by its language and 
the corresponding language ID would be given. After that, the result of 
the data preprocessing and phoneme embedding would be the input of the 
encoder. Finally, the output of the encoder would merge with the result of 
language embedding.] 

3. 實驗設置 (Experiments) 

在實驗中的資料集分為原始資料集，以及利用資料生成系統所生成的人工資料集，此外

使用 ESPnet2 (Watanabe et al., 2018) 做為開發工具協助開發。 

3.1 資料集 (Datasets) 
• 原始資料集：使用的資料集包含中文語料 AISHELL3 (Shi et al., 2020) 及英文語料

VCTK (Yamagishi et al., 2019) ，在實驗中發現無需使用全部的資料，即可訓練出一個

品質相當的系統，減少資料量亦可減少整體訓練時間，因此各選取了 30 名語者的資

料做為我們實驗用的資料集，時長約為整體資料集的四分之一，並命名為 AISHELL3-
thirty 和 VCTK-thirty，資料集的詳細資訊如表 3 所示。 

• 人工資料集: 參考任一語者風格中英文語音合成系統(Wang, 2021)，作為我們的資料

生成系統。選用 AISHELL3 資料集中的一個音檔作為參考音檔，並使用 AISHELL3-
thirty 和 VCTK-thirty 的文本作為生成資料時的文本，藉此生成與參考音檔相同語者

風格的多語言資料集，將其稱為 Generated-multi，共 25,362 筆音檔，共 15.6 小時，

如表 3 所示。 

3.2 訓練設定 (Implementation details) 
本文使用 ESPnet2 (Watanabe et al., 2018)作為開發的工具。CFS2 的訓練集為多語言的

Generated-multi，架構中的Conformer 編碼器和解碼器 kernel size 分別為 7 及 31，padding 
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為 3 與 15，優化器（Optimizer）使用 Adam (Kingma & Ba, 2014)，學習率（Learning rate）
設定為 1。因為我們的系統為多語言的語音合成系統，為了使聲碼器可將多語言的梅爾

頻譜圖轉為聲音訊號，HiFi-GAN 聲碼器利用 AISHELL3-thirty 和 VCTKthirty 資料集進

行訓練， 批量大小（Batch size）設定為 32，使用 Adam 作為優化器，學習率設定為 0.0002。 

表 3. 資料集詳細資訊。包含選取三十位語者的 VCTK-thirty 和 AISHLLE3- 
thirty，及生成資料集 Generate-multi。 

[Table 3. The details of the dataset contain VCTK-thirty, AISHELL3-thirty and  
Generate-multi which is the generated dataset.] 

資料集 音檔數量 總時長（小時 

VCTK-thirty 11, 654 22.5 

AISHELL3-thirty 13, 708 19 

Generate-multi 25, 362 15.6 

4. 實驗結果與分析 (Results and Analysis) 

本實驗採用平均意見分數（Mean Opinion Score, MOS) 作為評估機制，分數區間為 0（低）

～5（高），針對語音的整體品質進行評分，包含了流暢度、人聲相似度和有無雜訊等。

隨機選取各實驗所需要的文本進行合成，由我們研究室中的 11 位研究人員參與聆聽，

並對各合成語音進行評分，最後將所有分數平均做為結果。 

4.1 生成資料集的品質 (Quality of the Generated Dataset) 
對 3.1 生成資料集 Generated-multi 與原始資料集 AISHELL3-thirty 和 VCTK-thirty 進行

比較，以確保此生成資料集的品質，由表 4 所示，可得生成資料集的分數皆在 4 分以上，

表示使用生成的方式依然可獲得不錯的聲音訊號，以此資料集訓練合成器是可行的。 
表 4. 資料集的 MOS。基於 VCTK-thirty 和 AISHELL3-thirty 的文本做為生成

Generatedmulti 時的文本。比較生成資料集的語音品質，生成的資料集分
數在 4 分以上。 

[Table 4. The MOS of the dataset. The text of the Generated dataset is based on the 
text of VCTK-thirty and AISHELL3-thirty. The MOS score of generated 
dataset is higher than 4.] 

資料集 
MOS 

英文 中文 

VCTK-thirty 4.46 ± 0.22 - 

AISHELL3-thirty - 4.73 ± 0.17 

Generated-multi 4.28 ± 0.31 4.09 ± 0.62 
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4.2 資料前處理結果 (Results of Data Preprocessing) 
由於兩種語言是分開進行資料前處理，因此在 MOS 評分，將中、英文前處理的效果分

開進行比較。中文文本在訓練時皆轉為漢語拼音，於是用於評分的文本皆有經過文字轉

拼音，以便系統合成，由表 5 可知，文本進行中文斷詞後，MOS 有些微的增加，另外，

進行評估數字正規化的文本，為突顯正規化的效果，文本皆選用含有阿拉伯數字的中文

句子，正規化後 MOS 分數由 4.02 提高到了 4.45，分數大幅的提升了，由此可知，數字

正規化對於文本的重要。在英文結果的部份，選用在英文句中含有連續大寫的文本，用

以評估處理頭字語的效果，然而在加入頭字語處理後，MOS 分數由 3.69 增加至 3.99，
由結果可知透過前處理能提升合成之品質。 
表 5. 有無進行前處理的 MOS。比較有無前處理的語音訊號品質，處理後的品

質，皆有所提升。 
[Table 5. The MOS of the speech which is with preprocessing or not. The quality of                

the speech is better after processing the text.] 
語言 資料前處理流程 w/o MOS 

中 

中文斷詞 
w/o 4.50 ± 0.11 

w/ 4.52 ± 0.18 

數字正規化 
w/o 4.02 ± 0.40 

w/ 4.45 ± 0.20 

英 頭字語處理 
w/o 3.69 ± 0.20 

w/ 3.99 ± 0.15 

5. 結論 (Conclusions) 

我們建立的中英文語碼轉換語音合成系統，其有相當不錯的表現，透過中、英文的資料

前處理大幅提升語音的品質，尤其是中文的數字正規化與英文的頭字語處理，分別由 4.02 
上升至 4.45，及 3.69 至 3.99，不過整體系統依舊有進步的空間，因此，未來也將持續改

進語碼轉換中，中英文的語音流暢度，以及以建立一個可分離語者資訊，單純學習文本

資訊的編碼器為目標，無需再使用生成模型生成的資料集進行訓練，依然可合成多語言

語碼轉換的句子。 
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Abstract 

Non-lexical items are expressive devices used in conversations that are not words 
but are nevertheless meaningful. These items play crucial roles, such as signaling, 
turn-taking, or marking stances in interactions. However, as the non-lexical items do 
not stably correspond to written or phonological forms, past studies tend to focus on 
studying their acoustic properties, such as pitches and durations. In this paper, we 
investigate the discourse functions of non-lexical items through their acoustic 
properties and the phone embeddings extracted from a deep learning model. Firstly, 
we create a non-lexical item dataset based on the interpellation video clips from 
Taiwan’s Legislative Yuan. Then, we manually identify the non-lexical items and 
their discourse functions in the videos. Next, we analyze the acoustic properties of 
those items through statistical modeling and building classifiers based on phone 
embeddings extracted from a phone recognition model. We show that (1) the 
discourse functions have significant effects on the acoustic features; and (2) the 
classifiers built on phone embeddings perform better than the ones on conventional 
acoustic properties. These results suggest that phone embeddings may reflect the 
phonetic variations crucial in differentiating the discourse functions of non-lexical 
items. 
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1. Introduction 

People’s everyday interactions include sounds that are not verbal words in the traditional sense. 
These sounds, such as sighs, sniffs, and grunts, are used in indexing the turn-taking in dialogues, 
marking stance, showing affections, and expressing roles and meanings in conversations 
(Dingemanse, 2020). Examples of these non-lexical items are un-huh in English as a marker 
showing understanding and attentiveness, while the single syllable uh and um act as fillers and 
disfluency markers (Ward, 2006; Buschmeier et al., 2011). 

While these non-lexical items are important linguistically, they pose an interesting 
challenge to linguistic inquiry. Non-lexical items do not belong to a major word class, and some 
do not conform to the language’s phonological requirements (Keevallik & Ogden, 2020). 
Moreover, while the phonetic properties of non-lexical items could be generally described, they 
are nevertheless “phonetically underspecified” (Keating, 1988). For example, in the study of 
“moan” in board game interactions, Hofstetter (2020) found “moans” involve phonetic 
properties related to open vowels, irrespective of their frontness, backness, or roundedness. The 
study suggests that a non-lexical item can not be represented as a single phonetic symbol; 
instead, it may refer to the vowel space for which we do not have a general phonetic symbol. 
Some studies, therefore, analyze these items in terms of their acoustic properties: the 
components’ sound (Ward, 2006), the fundamental frequencies, durations, and intensities. 
(Shan, 2021; Ballier & Chlébowski, 2021). 

In contrast to the conventional acoustic property analysis, an alternative approach to 
analyzing non-lexical items is through the acoustic representations learned by data-driven 
methods. These methods include deep learning models mapping the audio segments to the latent 
embedding space from acoustic data in a (self-)supervised fashion (Li et al., 2020; Xu et al., 
2021; Baevski et al., 2020). Although the models are not explicitly trained to represent the 
similarities among phonetic features, studies nonetheless find the audio segments with similar 
linguistic properties are closer together in the embedding space (Ma et al., 2021; Cormac 
English et al., 2022; Silfverberg et al., 2021). Therefore, these phonetic representations may 
already encode the phonetic variability of non-lexical items to reflect their different discourse 
functions. 

This study thus aims to investigate how the acoustic properties contribute to the non- 
lexical items’ discourse functions and how the phone embeddings extracted from the deep 
learning model help differentiate those functions. The rest of the paper is organized as follows. 
We first review related works on discourse markers and how they are analyzed with acoustic 
properties (Sec. 2). Next, we describe our dataset on non-lexical items (Sec. 3) in Taiwan 
Mandarin, in which we manually identify the items and annotate their discourse functions in 
interpellation video clips of Taiwan’s Legislative Yuan. Finally, based on the dataset, we 
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conduct the acoustic property analysis (Sec. 4) and build classifiers based on the phone 
embeddings extracted from a deep learning model (Sec. 5). Finally, Section 6 concludes the 
paper. 

2. Related Works 

2.1 Discourse Marker 
Discourse markers (hereafter, DMs) have received increasing attention since Schiffrin (1987, 
p. 31) initially defined them as “sequentially dependent elements which bracket units of talk.” 
However, little consensus has been not only on the terminology 1  of DMs but on the 
classification frameworks. Schiffrin (1987) has proposed that DMs form a category composed 
of phrases, conjunctions, and interjections, and that they have a part in discourse coherence 
considering different planes of talk. 2  Additionally, DMs can also serve as identifiers of 
participation status, speaker’s assumptions, or hearer’s knowledgement (Schiffrin, 1987; 
Schwenter, 1996; Fraser, 1999). 

Despite that earlier research considered DMs as text-connective items bonding to syntactic 
structures, Fischer (2006, p. 9) de fined DMs as devices involved in “turn-taking, interpersonal 
management, topic structure, and participation frameworks.” Subsequently, Diewald (2006, 
2013) suggested that DMs demonstrate pragmatic functions, manage discourse in a 
syntactically-independent way, and present their polyfunctionality in discourse (c.f. Fraser, 
2009; Hansen, 2006; Németh, 2022). 

Although numerous analyses were conducted on the pragmatic functions of DMs, they 
focused mostly on the associations with semantic senses and syntactic structures (e.g., Aijmer, 
2011; Crible, 2017; Ford & Thompson, 1996). That is, studies of the connections between the 
discourse functions and the phonological information of DMs are relatively few. 

2.2 Acoustic Property 
The previous works which interwove DMs and their acoustic properties were mainly on the  
pragmatic-prosodic interface. Shan (2021) and Zhao and Wang (2019) investigated the 
Mandarin Chinese DMs, 你知道 ni zhidao ‘you know’ and 你不知道 ni bu zhidao ‘you don’t 
know’, respectively. While Shan (2021) analyzed on duration, tempo, intensity, and 
fundamental frequencies (i.e., pitch, hereinafter F0), Zhao and Wang (2019) examined the 

 
1 For instance, discourse marker (Jucker & Ziv, 1998; Schiffrin, 1987); discourse particles (Aijmer, 2002; 

Fischer, 2006); pragmatic marker (Brinton, 1996); among others 
2 Schiffrin has suggested the five planes of talk: the Exchange structure (ES), Action structure (AS), 

Ideational structure (IdS), Participation framework (PF), and Information state (InS). More details can 
be seen in Schiffrin (2005), Maschler and Schiffrin (2015), and Hamilton et al. (2015). 
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speech tempo, mean F0 frequencies, and pitch accents of the DMs. In general, they have found 
correlations between the discourse functions and the acoustic properties. Moreover, Tseng et al. 
(2006) have suggested that connectors are predictable from speech prosody; most ‘redundant 
prosodic fillers’ are duration-triggered and manifested through narrowed F0 ranges, whereas 
‘obligatory discourse markers’ are syntax-triggered and manifested through widened F0 ranges 
and resets. 

The acoustic properties and their relevance to the pragmatic functions of DMs have also 
been analyzed cross-linguistically (e.g., Cabarrão et al., 2018; Raso & Vieira, 2016; Gonen et 
al., 2015; Beňuš, 2014). Referring to Wu et al. (2021), the phonetic variations of DMs in French 
are likely to appear in spontaneous speech and undergo phonetic reduction, considering their 
shorter mean phone duration and a rather centralized vowel space. Additionally, Schubotz et al. 
(2015) investigates the common English construction you know in terms of its duration, which 
is likely to be affected by the residuals of speech rate. 

In addition to acoustic properties, past studies also examined the phonetic representations 
learned with data-driven methods. For example, Silfverberg et al. (2021) studied phonological 
alternations of Finnish consonant gradation with vector representations retrieved from RNN 
models. Other studies also tried to learn dense vector representations purely from text using 
grapheme-to-phoneme mappings with CBOW and SkipGram models (O’Neill & Carson-
Berndsen, 2019). Notably, recent studies found transformer-based speech processing models 
(Baevski et al., 2020; Hsu et al., 2021), while not explicitly modeling phonetic properties, 
encoded the phonetic categorization information in the model representations, such as vowels 
and consonants, or fricatives and stops (Ma et al., 2021; Cormac English et al., 2022). 

Tracing back to the former sections, previous literature on DMs mostly concentrated on 
their status at the semantic-pragmatic interface. The reviewed acoustic-related research, 
however, focused on those construction-wise DMs, and not to mention that the analyzed 
acoustic properties were limited to suprasegmental features, such as pitch and duration. In this 
case, the potential phonetic-pragmatic interrelationship of non-lexical items is yet to be 
elaborated. 

3. Non-lexical Items Dataset 

First, we used four interpellation video clips from Taiwan’s Legislative Yuan.3 Audio tracks 
were then extracted from the clips, converted into 16 bit WAV format, and resampled with 
22kHz sampling rates. The overall data comprise separate interpellation of two male and two 
female legislators, each ranging 6-8 minutes. The equal number of genders was to balance 

 
3 The clips were downloaded from the Parliament TV website (https://www.parliamentarytv.org.tw/) and 

encoded as AAC, H.264 
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potential gender differences in the utterances. 

Secondly, the audio segments of non-lexical items (e.g., uh, em, and ho) were annotated 
by three native speakers via Praat 6.2.03 (Boersma & Weenink, 2021). Each non-lexical item 
acquired two tags, one for functional Role and one for pragmatic Meaning. Referring to Ward 
(2006), we defined the six candidates of Role as follows: 

 

• BACKCHANNEL, which occurs repetitively and shows the agreement of the hearer; it often 
overlaps the main channel4 of the utterance. 

• CFT (Clause-final token), which occurs in the sentence-final position and ends certain turn 
of talk. 

• DISFLUENCY, which refers to the onset or coda of a word that can hardly be recognized 
due to its discoursal incompleteness. 

• FILLER, which serves as a connector between two sentences or a sentence-initial particle of 
the speaker. 

• RESPONSE, which occurs in the main channel and often indicates a flippant attitude. 

• OTHER, which represents the non-lexical item not belonging to the above types. 

 

Similarly, we summarized the following eight candidates for Meaning. It is noted that 
certain non-lexical items may carry multiple pragmatic meanings, and that the candidates below 
are not mutually exclusive. Thus, one non-lexical item is allowed to be annotated with multiple 
Meaning tags. 

 

• authority.  The speaker demonstrates his profession, personal experience, or intention in the 
speech. 

• control.  The speaker is in control of knowing exactly what to say or do next. 

• concern.  The speaker lacks confidence in his own words or tries to show respect to the 
audience. 

• thought. The speaker takes the words (from himself or the other participant) as involving or 
meriting thought. 

• dissatisfaction. The speaker is unsatisfied with his own words, the conversation, or the other 
participant. 

• new information. The speaker wants to express that he has received new information; the 

 
4 see also Heinz (2003), Li et al. (2010), and McNely (2009) among others. 
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speaker successfully lets the other participant understand the topic of the speech. 

• old ground. The speaker is expecting to move on to the next topic since he has already 
acknowledged the current one. 

• neutral. 

 

In sum, a total of 143 non-lexical items produced by the legislators were manually 
annotated. We then moved on to extract the acoustic properties for the dataset. 

4. Acoustic Property Analysis 

With the assumption that the discourse functions may encode phonological variations, we 
illustrated our data collection and the annotation for non-lexical items in Sec. 3. The following 
sections (4.1 and 4.2) then present the analyses and results of acoustic properties. 

4.1 Property Extraction 
For each non-lexical item, we retrieved six conventional acoustic properties: mean pitch, 
duration, F1, F2, F3, and nasality, via customized Praat scripts (Styler, 2017). As formant 
frequencies construct the vowel space, F1 is determined by the vowel height, F2 is determined 
by the vowel backness, and F3 is determined by the vowel roundness.5 

In terms of nasality, it can be quantified by a1-p1 (for high vowels such as [i, u, y]) or a1-
p0 values (for non-high vowels such as [a, o, ə, e]). Since most of the annotated non-lexical 
items are realized and transcribed with non-high vowels, only the a1-p0 values were considered. 
While a1 stands for the amplitudes (in dB) of F1, p0 stands for the amplitude of the nasal peak 
below F1 (Chen, 1997; Cho et al., 2017; Chiu & Lu, 2021). 

Subsequently, to build up the most comprehensive acoustic properties, the values of F1, 
F2, F3 frequencies and a1-p0 amplitude for each annotated non-lexical item were measured at 
5 different time-points (i.e., the 10%, 30%, 50%, 70%, 90% time-points within each item 
interval). The retrieved acoustic data for 715 tokens 6  were processed and modified into 
machine-readable forms using the pandas package (The Pandas Development Team, 2020) in 
Python 3.8.9 (Python Core Team, 2021). 

The statistical analysis was performed via the lmerTest package (Kuznetsova et al., 2017) 
in R 4.2.1 (R Core Team, 2022). Some factors contain rare categories were therefore re-coded. 
Specifically in the candidates of Role, DISFLUENCY and RESPONSE in were merged into 

 
5 The higher the F1, the lower the vowel; the higher the F2, the more anterior the vowel; the lower the F3,           

the rounder the vowel (Flanagan, 1955; Lindblom & Studdert-Kennedy, 1967). 
6 Each 143 annotated non-lexical items were measured at 5 different points, resulting in 715 tokens. 
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OTHER, considering their extremely few occurrences. As for the candidates of Meaning, the 
items with multiple candidate tags were recoded as complex. The OTHER and complex were 
set as references in Role and Meaning factors, respectively. Finally, Box- Cox transformations 
(Box & Cox, 1964) were applied to each response variable to reduce the non-normalities in the 
distributions. 

4.2 Evaluations 
To explore the effect of discourse functions on the acoustic properties, we conduct statistical 
analyses with linear mixed-effects models and classification tasks with SVM. 

Statistical Modeling. 
Apart from the two discourse functions (Role and Meaning), we also take Transcriptions into 
consideration. As Transcriptions, annotated for segment identification, reflects the annotators’ 
perception for each non-lexical item, it is likely a control variable that poses significant effects 
on the properties. Thus, for the evaluation of each acoustic property, we actually compare two 
models: one full linear mixed-effects model (composed of Role, Meaning, and Transcriptions) 
as well as one counterpart baseline model (composed of only Transcriptions). 

Table 1. Model comparisons of linear mixed-effects in different response variables. 
The comparisons are between the base model, which only contains 
transcription and random intercepts, and the full model, which additionally 
includes discourse function predictors. For brevity, only comparison statistics 
are shown.  * p < 0.05, ** p < 0.01, *** p < 0.001. 

 Chiq Df p-value 

Duration 83.79 9 <.001 *** 

Pitch 124.66 9 <.001 *** 

F1 10.12 9 .341 

F2 20.32 9 .016 * 

F3 7.62 9 .573 

Nasality 15.29 9 .083 

Table 1 illustrates the sequential (Type I) ANOVA results for the linear mixed-effects 
models, in which one specific acoustic property is used as the dependent variable. Specifically, 
the acoustic properties that reach statistical significance among the model comparisons are 
Duration, Pitch, and F2, suggesting that certain types of roles and meanings present additional 
effects on acoustic properties, after controlled for the transcriptions. These results imply that 
the discourse functions show additional effects on the Duration, Pitch, and F2. 
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Table 2. Parameter estimates of discourse functions in the linear-mixed effect models. 
The variables of transcriptions are included in all models, but their estimates 
are not shown in the table for brevity. Response variables are Box-Cox 
transformed, the parameters are therefore in the transformed scale.   
* p < 0.05, ** p < 0.01, *** p < 0.001. 

 Duration Pitch F1 F2 F3 Nasality 

(transcriptions)   --    

CFT 0.034 12.04∗∗∗ 35.68 6.28 10169.4 4.03 

FILLER 0.042 14.92∗∗∗ 2.67 1.22 10 913.4 5.67 

authority −0.016 3.87∗∗ 3.98 2.29∗∗∗ −6832.3 2.52 

control −0.013 0.16 3.49 7.87 2345.1 0.18 

dissatisfaction −0.052 −10.07∗∗∗ 45.70 3.16∗∗ −9942.1 4.08 

neutral −0.016 0.05 58.17 1.58∗ 1948.2 0.30 

new information −0.267∗∗ 10.17∗∗∗ −40.21 1.65 −5134.1 −2.71 

old ground −0.003 0.82 −4.51 1.31 3383.3 0.13 

thought −0.288∗∗∗ −2.36 97.46 1.55 2643.0 2.75 

To further examine such possibility, Table 2 compiles the fixed-effect results of the full 
linear mixed-effects models for the acoustic properties, where the discourse functions7 are the 
predictors. We find that both types of discourse functions show the most significance on Pitch, 
which corresponds to the reviewed works in Sec. 2.2. Yet, only certain types of Meaning show 
correlation with Duration and F2; not to mention the other three acoustic properties (i.e., F1, F3, 
and Nasality) which do not show any statistical significance. 

Support Vector Machines. 
Support Vector Machines (SVM) model is implemented for the classification tasks, in which 
the acoustic properties are used in prediction of discourse functions. As we assume that the 
discourse functions may reflect in the phonological variations of the non-lexical items, linear 
models such as SVM are applicable. 

We use random 70-30 splits for training and testing data. While the training data comprise 
500 tokens, the testing data comprise 215 tokens. A random guessing model, serving as a the-
most-frequent baseline, is also implemented for comparison. It calculates the frequency 

 
7 Notice that the aforementioned BACKCHANNEL (as Role) and concern (as Meaning) only exist in 

the supplementary annotation for those non-lexical items produced by the administrative officers in 
opposition to the legislators. Data are reserved for the future studies. 
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distributions of all discourse functions, and then it invariably predicts the most frequent class. 
We use the accuracy, precision, recall, and F1-score to evaluate the performance of the two 
models. 

Table 3. Evaluation of acoustic models 

Role Acc Pr Rc F1 

acoustics .76 .15 .20 .17 

acoustics-base .76 .15 .20 .17 

Meaning Acc Pr Rc F1 

acoustics .48 .09 .14 .11 

acoustics-base .38 .04 .10 .06 

Table 3 shows that both models, based on the acoustic properties, find it harder to predict 
Meaning than Role. Specifically, the acoustics achieved slightly better accuracy (.48) and 
precision (.09) than the baseline (.38 and .04). In the prediction of Role, however, the 
performance of the models was very similar. It implies that the acoustics in fact does not acquire 
much advantage in predicting discourse functions. This observation is consistent with the results 
of the previous liner mixed-effects model, in which we found few correlations between the 
acoustic properties and the discourse functions. Therefore, we attempt to find other 
presentations of phonological variations that may better capture the candidates of discourse 
functions with higher accuracy. 

5. Phone Embeddings 

As the conventional acoustic properties did not show promising results of capturing the 
discourse functions, we reached out to phonetic vector representations, in which the 
phonological variations of non-lexical items might be encoded. 

Instead of the common end-to-end models trained on waveforms and language-specific 
transcriptions in ASR tasks, we chose the Allosaurus model by Li et al. (2020)8 for retrieving 
the phone embeddings. Specifically, the Allosaurus is a universal phone recognizer integrating 
an ASR encoder with an allophone layer, in which language-independent phone distributions 
are directly recognized and mapped into language-dependent phoneme distributions. 

We first examine the phone embeddings learned by the phone recognition model. In the 
video clips collected in Section 3, the model automatically identifies 29,218 phones in the 
conversations. To investigate the phone organizations in the embedding space, we then extract 

 
8 https://github.com/xinjli/allosaurus 
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the bi-LSTM representations9 with which model predicts the phones as phone embeddings. 
Next, we average these embeddings by their predicted phones and obtain 34 phone centroids in 
the embedding space. We follow the literature (Cormac English et al., 2022) and conduct 
hierarchical clustering with Ward linkage based on the Euclidean distances between the 
centroids. The clustering results are shown in Figure 1a and Figure 1b. We not only observe 
clear clusters of vowels and consonants but observe that the fricatives and stops tend to be close 
to each other with similar phonetic properties. The patterns suggest that the phone embeddings 
might reflect the phonetic variations in our conversation data. 

Moreover, we inspect the clustering structure of recognized phones that occurred in the 
non-lexical items. Figure 1c shows the two-dimensional t-SNE (Pedregosa et al., 2011) 
visualization of the 640-dimension phone embeddings obtained from Allosaurus. The same 
phones tend to form distinct clusters, and the general distinction between vowels and consonants 
is still observed in the figure. It indicates that the embeddings may represent their corresponding 
phonetic properties. As Li et al. (2020) have shown in their studies, Allosaurus has the 
advantage of multilingual phone recognition and involves more phonological knowledge. It is 
thus appropriate for us to leverage these phone embeddings, by which the discourse functions 
of non-lexical items may be encoded. 

5.1 Classification Task 
The output data by Allosaurus (i.e., the phone embeddings and phoneme transcriptions) are 
aligned with our annotations of discourse functions for non-lexical items. It is noted that only 
the phoneme, whose timestamp matches the 715 tokens of non-lexical items, are kept for the 
classification tasks. The data is split randomly 70-30 into training and testing datasets as in 
Section 4.2. 

We also implement a linear SVM model and a random guessing model serving as a the-
most-frequent baseline for the classification tasks.10 The only difference here is that we replace 
use the acoustic properties with the phone embedding vectors to predict the candidates of the 
discourse functions. 

 
9 Referring to the comments from the reviewers, the bi-LSTM representations are used as the phone 

embeddings considering their better performance than the other representations (i.e., the 40-dimension 
MFCCs and the phone logits) generated by Allosaurus. 

10 Regarding the comments from the reviewers, the linear SVM model and the model baseline are adopted 
to not only display the data distributions but highlight the results of Allosaurus, as we mainly focus on 
whether the phone representations really help us explore non-lexical items. Based on the results, we did 
find the the model using phonetic realizations performs better in predicting the discourse functions, and 
we expect future research to develop better representations and state-of-the-art models that allow us to 
describe non-lexical items more appropriately. 



 

 

              Analyzing Discourse Functions with Acoustic Features and           67 

Phone Embeddings: Non-lexical Items in Taiwan Mandarin 

(a) 

 

  
(b) (c) 

Figure 1. (a) The dendrogram of the hierarchical clustering with Ward linkage. The 
links are color-coded for visual references. Generally, the top left and 
right branches loosely correspond to consonants and (semi-)vowels. The 
leftmost branch (orange) are mostly fricatives (e.g., s, ʂ, ɕ); the one on the 
right (green) includes stops (e.g., k, t, p). (b) The distance matrix shows a 
consistent pattern with the one in the dendrogram. (c) The t-SNE 
projection of the phones in non-lexical items. Only the most-frequent 15 
phones are shown for clarity. IPA symbols mark the median points of 
each category. 
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5.2 Evaluation Results 
As shown in the upper part of Table 4, phone emb. stands out with the highest accuracy (.92) 
and precision (.96) in prediction of Role. While baseline presents the accuracy of .78, the 
acoustic models (see Table 3) show even lower accuracies (.76) and precision (.15). As for 
predicting Meaning, phone emb. Significantly outperforms its baseline and remains the highest 
in accuracy (.77) and precision (.84) among all models. In general, phone emb. presents superior 
performance than the other models in prediction of both discourse functions. 

Table 4. Evaluation of classifiers based on phone embeddings 

Role Acc Pr Rc F1 

phone emb. .92 .96 .87 .91 

baseline .78 .16 .20 .18 

Meaning Acc Pr Rc F1 

phone emb. .77 .84 .68 .72 

baseline .42 .05 .11 .07 

Moreover, both models (i.e., acoustics and phone emb.) are better at predicting Role than 
Meaning, likely due to the fact that Meaning comprises more types of candidates and internally 
more equal distribution. In this case, the gap between the accuracies of phone emb. (i.e., 
between .92 and .77) is still the smallest among the models. This suggests that our model is 
better at capturing the discourse functions by using the phone embeddings, the phonetic 
realizations, than the statistical acoustic properties. 

6. Conclusions 

This paper focuses on the phonetic-pragmatic interrelationship of non-lexical discourse markers 
in Taiwan Mandarin. As we assume that the discourse functions may be captured by the 
phonological variations, we firstly analyzed on the common acoustic properties (i.e., duration, 
nasality, mean pitch, F1, F2, and F3), followed by the classification tasks considering the 640d-
phone embeddings. In comparison with the conventional acoustic properties, the model using 
phonetic realizations performs better in prediction of the functional Role and pragmatic 
Meaning of the non-lexical items. The result is consistent with our hypotheses that the phonetic 
realizations, embeddings via deep learning, encode certain phonological variations of non-
lexical items and correlate with their discourse functions. 
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Abstract 

Chinese multi-dimensional sentiment detection task is a big challenge with a great 
influence on semantic understanding. Irony is one of the sentiment analysis and the 
datasets established in the previous studies usually determine whether a sentence 
belongs to irony and its intensity. However, the lack of other sentimental features 
makes this kind of datasets very limited in many applications. Irony has a humorous 
effect in dialogues, useful sentimental features should be considered while 
constructing the dataset. Ironic sentences can be defined as sentences in which the 
true meaning is the opposite of the literal meaning. To understand the true meaning 
of a ironic sentence, the contextual information is needed. In summary, a dataset that 
includes dimensional sentiment intensities and context of ironic sentences allows 
researchers to better understand ironic sentences. The paper creates an extended 
NTU irony corpus, which includes valence, arousal and irony intensities on the 
sentence-level; and valence and arousal intensities on the context-level, which called 
the Chinese Dimensional Valence-Arousal-Irony (CDVAI) dataset. The paper 
analyzes the difference of CDVAI annotation results between annotators, and uses a 
lot of deep learning models to evaluate the prediction performances of CDVAI 
dataset. 

Keywords: Irony Annotation, Dimensional Valence-Arousal-Irony, Sentiment 
Analysis, Deep Learning. 
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1. Introduction 

There are billions of posts on various kinds of forums and social media every day, which shows 
the exchange of opinions online are high in action and frequency. Human conversations are 
complex behaviors, because opinions by the people may use direct or indirect presentation 
sentences. Therefore, the semantic understanding of online opinions is more complicated. In 
addition, metaphors, irony, sarcasm, etc. also widely appear on online social media. These kinds 
of expressions cause challenges for natural language understanding (NLU) and natural language 
processing (NLP). Joshi et al. (2018) has reviewed the irony detection problem. Although most 
of the literature lacks a clear and consistent definition of irony, they found that the most common 
feature of ironic sentences is the inversion of the literal meaning and true meaning. For example: 
"Great, it's raining, but I didn't bring an umbrella....", the literal meaning is that raining without 
an umbrella is a great situation. However, the context "it's raining, but I didn't bring an 
umbrella..." shows a negative emotion, contrasted with "Great" which is a positive emotion. 
This emotional contrast caused the semantic turn from negative to positive, which enables the 
expression of irony. In Chinese irony, the contrast between positive and negative emotions is 
often used to indicate the difference between sentences and contexts. This emotional contrast is 
often used to achieve ironic expressions (Veale & Hao, 2010). According to the grammatical 
structure mentioned above, this study argues that context must be considered to match the 
characteristics of ironic sentences to improve the performance on irony detection task. The work 
in sentiment analysis of irony has turned to the study of ironic language features (Colston, 2019). 
With the development of machine learning, some studies have begun to use machine learning 
methods to predict the intensity of irony (Chia et al., 2021; Dimovska et al., 2018). However, 
most of them still predict irony using whole sentences instead of considering context as 
mentioned above. 

To improve machine learning performance of detecting ironic sentences, some studies 
proposed to annotate grammatical structural features or use feature selection to screen important 
irony spans in the English language (Kumar & Harish, 2019). Long et al. (2019) proposed the 
usage of capitalized words as a hint of irony in English. However, capitalization does not exist 
in Chinese so the capitalization is not suitable for use. In conclusion, while the grammatical 
structure of irony has been thoroughly studied in English, it is not appropriate to apply it directly 
to Chinese. Although some studies summarized Chinese irony grammatical structures (Jia et al., 
2019), there are few datasets annotated based on these rules. Since irony has a humorous effect 
in the conversation processes, the paper considers irony detection as a sentiment detection task. 
Therefore, considering the multi-dimensional Valence-Arousal-Irony (VAI) intensity for irony 
sentences and context is more possible to identify the true meaning of ironic sentences and the 
emotional state of the social media user. 

Based on Tang's (Tang & Chen, 2014) open data on irony sentences, the paper proposes 
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to extend sentence-level intensity of valence, arousal and irony, and context-level intensity of 
valence and arousal. This annotation method provides a way to judge the difference in context 
and semantics in irony sentences. By quantifying emotional indicators, the pattern of sentiment 
while using ironic sentence can be more easily understood. This augmented CDVAI dataset is 
the first dataset to do sentiment annotations for irony context. 

Furthermore, this paper proposes deep learning models based on the pretrained 
Bidirectional Encoder Representations from Transformers (BERT) (Devlin et al., 2018) model 
to learn the dimensional VAI on the ironic sentences and dimensional VA on ironic contexts. 
The paper uses pre-trained BERT to extract hidden features of sentence or context, respectively. 
Then there are three methods to combine hidden features and predict VAI scores of sentence-
level or VA scores of contexts-level: (1) using a linear layer to predict VAI and VA, respectively; 
(2) summing two hidden features from two encoders of sentence and context. (3) Concatenating 
two hidden features from two encoders of sentence and context. Furthermore, the paper 
constructs a token classification model to automatically predict the position of context. Then 
the predicted positions of context are used to replace the origin positions of context, and predict 
VAI scores of sentence-level or VA scores of contexts-level. 

2. Related Works 

Because of different research perspectives, the definition of irony is often adjusted. However, 
previous studies summarized a basic consensus in the process of exploring ironic sentences. 
“Irony is an expression in which the true meaning is the opposite of the literal meaning” (Li & 
Huang, 2020). Based on the above, the most common feature of irony is metaphor, which can 
make the literal meaning opposite to the true meaning of the sentence that the commenter wants 
to express. The form of ironic sentence can be expressed as using keywords of exaggeration 
with positive emotions to describe context with negative emotions. This emotional contrast 
makes the sentences have an ironic effect (Veale & Hao, 2010). Li et al. (2020) proposed an 
irony identification program (IIP) based on the grammatical structure of ironic sentences, which 
supports future studies to identify whether a sentence is ironic. The above research provides 
support for the definition of irony in the paper. 

Irony sentences are not usually used in official documents. Thanks to the prevalence of 
social media, many ironic sentences have been posted online which has led researchers to collect 
and analyze ironic sentences on social media platforms (Lestari, 2019). Among the studies 
related to irony detection or sentiment detection. There are very few corpuses including VAI 
indicators. The possible reasons are that irony detection is not traditionally attributed to the 
domain of sentiment detection. However, irony has a humorous effect in conversation, which 
can result in specific emotional patterns for the writer and reader. Therefore, the paper considers 
irony detection as an emotion detection task. But most of the existing corpus are only included 
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valence and arousal (VA) or only include irony (I) indicator. 

Recent studies have collected data on social media to build corpus. Preoţiuc-Pietro et al. 
(2016) used the Likert nine-point scale to annotate VA indicators for Facebook posts. They 
found that there is high correlation between VA. Bosco et al. (2013) annotate irony and 
emotional expression for Twitter tweets to establish the Senti-TUT corpus. Their corpus 
includes positive, negative emotions and irony, which considers the concept of valence. Ghosh 
et al. (2015) annotate figurative language such as irony, satire, and metaphor on a 11-point scale 
at SemEval-2015 Task 11. In addition, there are many constructions of VA or I corpus, but there 
are very few studies that comprehensively considers VAI. 

The necessity of considering VAI indicators simultaneously is that there are correlations 
among the three indicators. Effects of irony on human emotions in conversation was found in 
the study of Pfeifer (Pfeifer & Lai, 2021). People who use irony are in a less negative and less 
excited state of mind. Existing VAI corpus was constructed by Xie et al. (2021). They found 
that stronger irony expressions may have lower valence (more negative) and higher arousal 
levels, respectively. However, since context is important information to construct ironic 
sentences which their study didn't consider. The biggest difference between Xie et al. (2022) 
and the paper is that the context is considered and annotated with VA score. To conclude, the 
above study proves that it is necessary to consider VAI together because of the correlations in 
these three indicators. 

Irony Corpus built in Chinese such as Xiang et al. (2020) proposed Ciron dataset. Their 
dataset contains 8.7K Weibo posts. However, they annotated the intensity of ironic sentences 
in the corpus without considering context and other sentiment indicators. Existing corpus that 
include irony sentences and context is NTU Irony Corpus (Tang & Chen, 2014), but their corpus 
without other sentiment indicators. Lack of consideration of sentiment indicators is impossible 
to understand clearly on the emotional transitions and semantic changes in the sentences. 
Therefore, the corpus provided in this paper has a greater advantage in understanding the 
structure of ironic sentences and sentiment patterns. 

In terms of the irony detection model, Rangwani et al. (2018) considered emojis on Twitter 
as a feature when annotating ironic sentences. They use Convolutional Neural Network (CNN) 
to pre-train the emoji and connect to a XGBoost model for classification. Naseem et al. (2020) 
proposed a T-Dice model based on the frame of the Transformer to detect valence and irony, 
then connected to Bi-directional Long Short-Term Memory (Bi-LSTM) to classify emotions. 
The accuracy of their model's prediction results exceeded the state-of-the-art methods of the 
time. Xiang et al. (2020) found that the performance of BERT is better than GRU in their 
experimental results on the Ciron dataset they built. Lu et al. (2020) improved the Bi-GRU 
model based on BERT in the Chinese sentiment analysis task to achieve the best results. To sum 
up, in recent years, no matter in sentiment or irony detection tasks. Models that can connect the 
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information of the entire sentence have achieved better results. Furthermore, models with 
attention mechanisms such as BERT or based on Transformers frame can make the model 
achieve better results. In summary, this paper will base on BERT to detect the VAI score of 
sentences and the VA score of the contexts. 

3. CDVAI Dataset 

The paper proposes to extend the NTU irony corpus to a Chinese dimensional valence-arousal-
irony called CDVAI. The NTU irony corpus is the only Chinese corpus that includes ironic 
sentences and contexts. Therefore, the paper proposes to annotate the VAI intensity of the 
sentence-level and the VA intensity of the context-level, respectively. Li and Huang (2020) 
analyzed the sentence structure of Chinese irony based on the existing corpus. They summarized 
that context is an important information for detecting irony. Based on the sentence structure in 
the NTU irony corpus and their findings, the paper defines irony as "irony is an expression in 
which the true meaning is the opposite of the literal meaning." Context is the true meaning of 
the sentence (usually a negative description), while ironic keywords (usually positive 
descriptions) can make the literal meaning contrary to the context. 

3.1 Dimensional VAI annotation 
The paper annotated irony sentences with VAI intensity, and irony contexts with VA intensity. 
Every indicator was rated from 1 to 5 points. The detailed annotation judgement as follow: 

● Valence: Lower valence scores indicate more negative emotions (1-2 points), whereas 
higher valence scores indicate more positive emotions (4-5 points), and 3 indicate neutral 
emotions, or inability to judge.  

● Arousal: A score of 1 indicates the sentence is close to an objective description, or difficult 
to judge whether the sentence expresses excitement. A score of 2 indicates that the 
annotator can feel the low excitement expressed in the sentence, but there is no emotion 
word such as sad, annoyed, lost, happy, etc. in the sentence. A score of 3 and above 
indicate the annotator can feel the medium excitement expressed in the sentence, or with 
explicit emotional words or phrases to clearly describe the emotional state. A score of 4 
indicates that the annotator can clearly feel strong excitement expressed in the sentence, 
such as madness, rage, etc. Furthermore, the sentence may contain violent words, such as 
aggressive language. A score of 5 indicates in addition to strong excitement, words with 
discrimination, hated, or words with obvious manic emotions. For example: “Great, the 
class report is going to be in the same group with that pathetic nerd!”. 

● Irony: The annotator reads a sentence and judges whether the true meaning is the opposite 
of the literal meaning. Most of the sentences in NTU irony corpus use negative 
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descriptions as the context, and positive descriptions as the keywords to express irony. 
Irony intensity will be determined according to the gap between the positive intensity of 
irony keywords and the negative intensity of context. In this paper, the positive intensity 
of various ironic keywords appearing in the corpus is summarized as: wonderful > great 
> very good > good. A special case is "it's fine to get worse!", the true meaning in this 
case is the situation is already bad but the commenter doesn’t want the situation to get 
worse, the ironic keywords "it's fine to" makes the literal meaning opposite to the true 
meaning. However, this case means the situation is already bad so the gap between 
positive intensity of irony keywords and the negative intensity of context is small. The 
larger the gap between the positive intensity of the ironic keyword and the negative 
intensity of the context, the higher the score of irony, and vice versa. A score of 1 indicates 
that the gap is very small, or the context is close to an objective description, which leads 
to hard judgement. For example: "Good, it's raining.". A score of 2 indicates that there is 
a small gap between ironic keywords and context. A score of 3 indicates that there is a 
moderate gap between the ironic keywords and the context. A score of 4 indicates that 
there is a big gap between the ironic keywords and the context. A score of 5 indicates that 
there is a great gap between ironic keywords and context. The sentence may contain 
discriminatory or morally unacceptable metaphors, such as sexual innuendo. 

3.2 Annotated result analysis 
There are 1004 sentences in NTU Irony Corpus, and 843 sentences with an ironic context. Each 
sentence was annotated by three annotators. The annotators consist of postgraduate students and 
an undergraduate student, all of them are native Chinese speakers and ages between 20 and 25. 
Due to the subjective judgement bias of different annotators, the paper uses the average of 3 
annotators as the gold standard. The paper using scores to annotate VAI is more reasonable. 
Human perception of emotional intensity is closer to continuous scores than classification. The 
meaning of the annotating criterion in the paper is to concretize the definition of intensity of 
VAI and set the standard score line. Continued from above, the traditional method which is used 
to evaluate the agreement between annotators such as Cohen's kappa doesn't conform to the 
hypothesis of the paper. So, the paper uses mean absolute error (MAE) to evaluate the 
annotation consistency. At the sentence level, the MAE of the three annotators ranged from 0.05 
to 0.31 in valence, 0.25 to 0.41 in arousal, 0.22 to 0.56 in irony. At the context level, the MAE 
of the three annotators ranged from 0.07 to 0.4 in valence, 0.15 to 0.65 in arousal. From the 
above, the MAE difference between of the three annotators is very small, which proves that the 
annotating is effective. 

 
 



 

 

             A Chinese Dimensional Valence-Arousal-Irony Detection on           79

Sentence-level and Context-level Using Deep Learning Model 

● For example: 

Score of a sentence: valence: 1, arousal: 5, irony: 4 

Score of a context: valence: 1, arousal: 5 

Sentence: “很好 (applause)工廠的廠務小姐已經來上班好多好多年了,跟我說她不會

用 outlook 發會議通知!!ㄍㄋㄋ勒!!妳的薪水也給我我就幫你發通知!!” (“Very good 
(applause) The factory manager of the factory has been coming to work for many years. She 
told me that she doesn’t know how to use Outlook to send meeting notices!! mother fucker!! 
Give me your salary and I will send the notices for you!!”) 

Context: “工廠的廠務小姐已經來上班好多好多年了,跟我說她不會用 outlook 發會

議通知!!” (“The factory manager of the factory has been coming to work for many years. 
She told me that she doesn’t know how to use Outlook to send meeting notices!!”) 

Judgement: First, in terms of judging the score of valences, there are extremely negative 
emotions in this sentence such as “mother fucker!! Give me your salary and I will send a 
notice for you!!”. Clearly, the emotions expressed by the swear words and complaints in the 
sentence are highly negative. Thus, valence is given a score of 1. In terms of judging the 
score of arousals, we can notice the abuse language and feel the emotion of manic. Thus, 
arousal is given a score of 5 points. In terms of judging the score of irony, the irony keyword 
“very good” is a weak positive description. However, according to the description of the 
sentence, the incident described in the context caused serious discomfort and negative 
emotions to the commenter. As we can see, there is a big gap between positive irony keyword 
and negative describe of context. Besides that, the sentence also contains sarcasm spans, such 
as “Give me your salary and I will send a notice for you.”, so it is given a high score of 4 
points in irony. 

3.3 Statistics of Annotated Result 
Table 1 shows the annotated result of CDVAI dataset in different levels and sentiment. Since 
the dataset is mainly ironic sentences, which results in valence scores that are all low (negative 
emotion) at sentence-level. While few valence scores of contexts are neutral at context-level. 
The sentences corresponding to these kinds of contexts often show low scores in valence and 
irony. There are many sentences containing emotions, which can be observed in the arousal 
scores centered on points 2, 3 and 4. The score of arousals at context-level is distributed to a 
lower score than sentence-level. The reason is that irony keywords usually have exaggerated 
expressions, resulting in a higher arousal. The distribution of the score is like arousal. Gap 
between positive irony keyword and negative context are usually small, which can be observed 
in the irony scores centered on points 1, 2 and 3. 
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Table 1. Score frequency of all sentiments. 

Level Sentiment 0 1 2 3 4 5 

Sentence 

Valence 0 380 624 0 0 0 

Arousal 0 60 406 369 150 46 

Irony 0 181 428 310 75 20 

Context 
Valence 0 302 516 25 0 0 

Arousal 56 279 264 161 76 26 

4. Model Performance Evaluation 

To validate the annotation consistency and the validity of the proposed CDVAI dataset in the 
paper, the paper constructs deep learning models to predict the VAI score of sentence-level and 
VA scores of context-level. Table 2 shows the general statistics of CDVAI dataset. The paper 
uses stratified sampling to split the dataset into training, validation, and the testing set. The ratio 
of training set and testing set is 7:3, and validation set is split from training set which ratio is 
9:1. 

Table 2. Statistics of the proposed CDVAI dataset. 
dataset Sentence-level Context-level 

Training set           632            531 

Validation set            71             59 

Testing set           301            253 

4.1 Prediction Model 
This paper uses pre-trained BERT models as an encoder to extract hidden state of sentences and 
contexts, then connected to a linear layer to perform score prediction. There are three methods 
to obtain final hidden features such as (1) M1: After input sentence and context into the encoder, 
the hidden features of the sentence are used to predict sentence VAI score through a linear layer. 
The hidden features of context are used to predict context VA score. (2) M2: The position of 
the context in the sentence has been located. After input sentence and context into the encoder, 
the hidden features at the context position are summed, then predict sentence VAI and context 
VA scores. (3) M3: After input sentence and context into the encoder, concatenate two hidden 
features of sentence and context then predict sentence VAI and context VA scores. Above 
processes are the first part of the experiment in this paper. The second part of the experiment, 
the paper attempted to create a model to predict context span automatically. The paper uses the 
pre-trained BERT models as encoders, and then the output of encoder with linear layer to predict 
the span of context in the sentence. Finally, the predicting context will replace the origin context 
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in the first part of the experiment, with the predicted context of the proposed model, then repeat 
the process of the first experiment. 

The paper compares BERT models pre-trained on a Chinese corpus to find the best results. 
The pre-trained models are as follow: 

● PM1: hfl/chinese-macbert-base uses Wikipedia simplified and traditional Chinese as the 
corpus to train the model. (Cui et al., 2020) 

● PM2: shibing624/macbert4csc-base-chinese using the SIGHAN typo correction corpus to 
train the model. (Cui et al., 2020) 

● PM3: uer/chinese_roberta_L-4_H-256 uses UER toolkit and CLUECorpus2020 to train 
the model. (Turc et al., 2019) 

● PM4: IDEA-CCNL/Erlangshen-Ubert-110M-Chinese uses datasets from a variety of tasks 
for open-source UBERT. (Wang et al., 2022) 

● PM5: IDEA-CCNL/Erlangshen-Ubert-330M-Chinese uses datasets from a variety of tasks 
for open-source UBERT. 

● PM6: IDEA-CCNL/Erlangshen-UniMC-RoBERTa-110M-Chinese uses 13 supervised 
datasets to train the model. (Yang et al., 2022) 

4.2 Experimental Settings 
The proposed CDVAI dataset includes the annotation of irony context to allow the model to 
understand contextual emotional changes during the training process. The paper uses a variety 
of modified pre-trained BERT models as the experimental encoder. The parameters are shown 
in Table 3. Each pre-trained model uses the same parameters, except the learning rate. Since 
context contains less information than sentences, a smaller learning rate should be tried. The 
context span prediction model in the second part of the experiment were tried smaller learning 
rate due to the difficulty to learn the span of context in the sentence. 

Table 3. Parameter settings of BERT models. 
Parameter Value 

Optimizer Adam 

Learning rate - sentence-level 4e-4, 4e-5, 4e-6 

Learning rate - context-level 4e-5, 4e-6, 4e-7 

Learning rate – span prediction 43e-6, 45e-6 

Number of epochs 50 
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4.3 First Part of Experimental Results 
The prediction performance of dimensional VAI score on sentence-level is shown in Table 4. 
First, the performance of valence prediction is quite good. All MAEs are about 0.4, no matter 
what approach in this paper. However, the paper can still discover that M1 got the greatest 
performance, which indicates more complex hidden features don't get better result in valence. 
The reason is detecting the score of valences is relatively easy in the task, so more complex 
hidden features cause worse results. The performance of arousal prediction is a bit worse than 
valence, which indicates arousal is relatively difficult to learn. All MAEs are about 0.6, however 
M1 does not have the greatest approach on all models. M2 and M3 make the performance 
progress at PM3. PM4, MP5 and PM6 improve performance while using M2 or M3. Finally, 
the performance of irony prediction is a bit better than arousal. All MAEs are about 0.5 to 0.6, 
which means our annotated method to judge irony is effective. M2 and M3 are more helpful to 
improve the performance of PM2, PM4, PM5 and PM6, which indicate these models can deal 
with complex hidden features better. Overall, the result of sentence-level VAI is quite well, but 
M2 and M3 doesn't show significantly helpful while predict VAI scores. 

Table 4. Prediction performance of dimensional VAI score on sentence-level. 

Model 
Valence Arousal Irony 

M1 M2 M3 M1 M2 M3 M1 M2 M3 

PM1 0.346 0.421 0.390 0.521 0.649 0.639 0.521 0.577 0.603 

PM2 0.380 0.421 0.390 0.619 0.649 0.639 0.601 0.577 0.603 

PM3 0.371 0.410 0.371 0.643 0.603 0.596 0.538 0.570 0.566 

PM4 0.380 0.412 0.390 0.619 0.614 0.639 0.601 0.572 0.603 

PM5 0.376 0.381 0.420 0.615 0.616 0.610 0.575 0.591 0.559 

PM6 0.380 0.412 0.390 0.619 0.614 0.639 0.601 0.577 0.603 

The prediction performance of dimensional VA score on context-level is shown in Table 
5. The context-level valence also performs quite well. Overall, MAE is around 0.4. However, 
M2 and M3 improve the performance significantly. Among them, M3 provides an even better 
effect. This shows our approaches are more effective on context-level. The reason may be the 
complex relation of sentence and context, which shows that the true sentiment pattern of ironic 
sentences requires a judgment of the context first then combined with the whole sentence to 
understand. This result can also be seen in arousal. However, M2 showed more effective help 
in predicting arousal scores. The inference is the information of context itself is more important 
than the whole sentence while predicting arousal scores, and this effect significantly. 
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Table 5. Prediction performance of dimensional VA score on context-level. 

Model 
Valence Arousal 

M1 M2 M3 M1 M2 M3 

PM1 0.431 0.408 0.389 0.819 0.649 0.787 

PM2 0.413 0.408 0.389 0.796 0.649 0.787 

PM3 0.431 0.468 0.427 0.798 0.603 0.829 

PM4 0.413 0.415 0.389 0.796 0.614 0.787 

PM5 0.426 0.463 0.428 0.815 0.616 0.834 

PM6 0.413 0.415 0.389 0.796 0.614 0.787 

Analysis of the above shows that M2 and M3 can improve the performance on context-
level significantly. However, they don't seem quite helpful on sentence-level. In summary, 
depending on the choice of pre-trained model, context information can improve performance 
while predicting VAI score in sentence. Results on context-level shows that understanding the 
true sentiment pattern of ironic sentences requires to combine sentence and context information. 

4.4 Second Part of Experimental Results 
Due to the lack of context annotation in previous study. The paper proposes a model to predict 
the irony context span automatically. The paper proposes to fine-tuning PM1 to PM6 to compare 
prediction performances. But the performances of the model are hard to accept. So, the paper 
adds a new pre-trained model to solve this problem, which is PM7: IDEA-CCNL/Erlangshen-
DeBERTa-v2-97M-Chinese (He et al., 2020) to improve the model. The results show in Table 
6. 

Table 6. Prediction performance of context span predict in ironic sentences. 

Model 
Indicators 

Precision Recall F1 

PM1 0.373 0.302 0.333 

PM2 0.349 0.274 0.307 

PM3 0.329 0.218 0.262 

PM4 0.373 0.309 0.331 

PM5 0.436 0.352 0.390 

PM6 0.373 0.298 0.338 

PM7 0.438 0.377 0.405 

The paper uses PM7 to predict context span, then replace origin context span with the 
predicted context span and execute the same process of above experiment to evaluate the 
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availability. The span predict model results on sentence-level are shown in Table 7. Compared 
with the first part of the experiment, the MAE of valence on sentence-level on M2 is making 
progress. The reason may be that although the predicted context spans are not correct, they 
contain more emotion information words accidently. The MAE of arousal on sentence-level 
becomes larger on M2, however the MAE reduces on M3. The reason may be the noise of the 
context improves the performance. The same situation occurs with irony. This discovery is quite 
surprising that the information of whole context may not be the important one to improve the 
prediction performance but the critical part or words in the context. 

Table 7. Prediction performance of dimensional VAI score on sentence-level in part 2 
experiment. 

Model 
Valence Arousal Irony 

M2 M3 M2 M3 M2 M3 

PM1 0.337 0.403 0.631 0.585 0.575 0.638 

PM2 0.337 0.403 0.631 0.585 0.575 0.638 

PM3 0.384 0.376 0.618 0.648 0.606 0.613 

PM4 0.392 0.403 0.677 0.585 0.594 0.638 

PM5 0.383 0.364 0.607 0.609 0.561 0.574 

PM6 0.392 0.403 0.677 0.585 0.594 0.638 

Finally, the span predict model results on context-level are shown in Table 8. Since the 
context span of the model predictions cannot be fully correct. Therefore, the main purpose of 
this part of the experiment is to examine the effect of VA score prediction with a biased context 
span. Compared with the first part of the experiment, the MAE of valence on context-level 
decreases a little. The MAE of arousal decreases quite a lot. This proves that the correction of 
context span matters. 

Table 8. Prediction performance of dimensional VAI score on context-level in second 
part of experiment. 

Model 
Valence Arousal 

M2 M3 M2 M3 

PM1 0.419 0.447 0.819 0.824 

PM2 0.419 0.447 0.819 0.824 

PM3 0.471 0.436 0.867 0.810 

PM4 0.435 0.447 0.844 0.824 

PM5 0.442 0.451 0.801 0.844 

PM6 0.435 0.447 0.844 0.824 
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4.5 Error Analysis 
Based on the performance of the model, the PM3 model has well performance in experiments. 
The paper presents an incorrect prediction case, as follows: 

Sentence: “很好...連喇叭都壞了 X-(“ (“Very good.... even the speakers are broken X-(“) 

Context: “連喇叭都壞了” (“even the speakers are broken”) 

Judgement: The prediction results are shown in Table 9. The reason why the model judges 
the valence to be 1.71 on sentence-level, may be that it judges “連”, “壞了” (“even, broken”) 
as negative words. However, the post only indicated that the speakers are broken, which is 
usually not perceived as highly negative. The lack of common sense may have led to the 
failure to detect its valence correctly. In terms of irony, the prediction score is relatively large. 
It is speculated that because the judgment of valence is relatively negative and the term “很
好” (“very good”) is positive, there is a large emotional gap. The model therefore yields a 
higher irony score. However, the sentence has no other span that emphasizes irony, so the 
annotated score is lower. 

Table 9. Prediction results of the example 

 
Sentence-level Context-level 

V A I V A 

Annotated 2 3 1 2 3 

Predicted 1.71 3.45 1.94 1.63 1.97 

5. Conclusion 

This paper established the CDVAI dataset which extended from NTU irony corpus. The CDVAI 
dataset contains multi-dimensional sentiment annotation and irony context sentiment annotation, 
which is helpful for developing Chinese irony detection methods that allow the model to learn 
sentimental patterns in ironic sentence and context. The experimental results showed that the 
annotation of CDVAI dataset provides a learning direction for the BERT based model to 
understand the irony structure and sentiment contrast between sentence-level and context-level. 
Using M3 can improve performance significantly. The paper has summarized our experiment 
results below. First, M2 and M3 don't show significantly helpful while predicting VAI scores. 
However, in the second part of the experiment that the information of the whole context may 
not be important to improve the prediction performance but the critical part or words in the 
context. Second, M2 and M3 show significant improvement in predicting score of context-level, 
which proves the sentiment pattern of ironic context needs to combine sentence information. 
Finally, the sentiment in ironic contexts is harder to learn for the model, which needs correct 
spans of context to improve the performance. 



 

 

86                                                       Jheng-Long Wu et al. 

The weakness of the CDVAI dataset is that the corpus is relatively small and excludes the 
whole ironic grammatical structure. Nevertheless, the paper is suitable to use as guide data to 
obtain more samples or as a template for annotation guidelines. Furthermore, the proposed 
CDVAI dataset could be combined with other ironic corpora to extend the training sample size. 
Furthermore, the model can be improved in the future. 
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結合語音辨認及合成模組之台語語音轉換系統 

Taiwanese Voice Conversion based on  

Cascade ASR and TTS Framework 

許文漢 ∗、廖元甫#、王文俊 +、潘振銘+ 

Wen-Han Hsu, Yuan-Fu Liao, Wern-Jun Wang, and Chen-Ming Pan 

摘要 

台語已被聯合國列為瀕危消失語言，急需傳承。因此，本論文研究如何做出一

個可以用任何人的聲音，合成出任何台語語句的台語語音合成系統。為達到此

目的，我們首先(1)建置一 Taiwanese Across Taiwan (TAT) 大規模台文語音語

料庫，其共有 204 位語者，約 140 小時的語料，其中有兩男兩女，每人約 10
小時的台語語音合成專用語料。然後(2)基於 Tacotron2 之語音合成架構，並加

上前端中文字轉台羅拼音模組與後端 WaveGlow 即時語音生成器，建立中文文

字轉台語語音合成系統。最後(3)基於串接台語語音辨認與語音合成架構，建置

一台語語音轉換系統，並完成同語言：台語對台語語音轉換；以及跨語言：華

語對台語語音轉換，兩種台語語音轉換功能。為評估此台語語音轉換系統的成

效，我們透過網路公開招募到 29 位實驗者，進行同語言及跨語言轉換台語語

音兩項評分任務，並分別進行針對「自然度」與「相似度」的 MOS 分數之主

觀評測。實驗結果顯示，在同語言部分，若使用目標語者 10 分鐘，3 分鐘與

30 秒語料進行測試，自然度平均 MOS 分數依序為 3.45 分，3.02 分與 2.23 分，

相似度平均 MOS 分數依序為 3.38 分，2.99 分與 2.10 分；而在跨語言部分，

若使用目標語者 6 分鐘與 3 分鐘語料進行測試，自然度平均 MOS 分數依序為
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2.90 分與 2.70 分，相似度平均 MOS 分數依序為 2.84 分與 2.54 分。由實驗結

果，可以顯示我們確實初步達成一個可以用任何人的聲音，合成出任何台語語

句的台語語音合成系統。 

Abstract 

Taiwanese has been listed as an endangered language by the United Nations and is 
urgent for passing on. Therefore, this study wants to find out how to make a 
Taiwanese speech synthesis system that can synthesize any Taiwanese sentences via 
anyone's voice. To achieve this goal, we first (1) built a large-scale Taiwanese 
Across Taiwan (TAT) corpus, with in total of 204 speakers and about 140 hours of 
speech. Among those speakers, two men and women, each one has especially about 
10 hours of speech recorded for the purpose of speech synthesis, then (2) establish a 
Chinese Text-to-Taiwanese speech synthesis system based on the Tacotron2 speech 
synthesis architecture, plus with a frontend sequence-to-sequence-based Chinese 
characters to Taiwan Minnanyu Luomazi Pinyin (shortened as Tâi-lô) machine 
translation module and the backend WaveGlow real-time speech generator, and 
finally, (3) constructed a Taiwanese voice conversion system based on the 
concatenated speech recognition and speech synthesis framework where two voice 
conversion functions had been implemented including (1) same-language: 
Taiwanese to Taiwanese voice conversion, and (2) multi-language: Chinese to 
Taiwanese voice conversion. In order to evaluate the Taiwanese voice conversion 
system, we publically recruited 29 subjects from the Internet to conduct two kinds 
of scoring task: same-language and cross-language voice conversion and carried out 
the subjective "naturalness" and "similarity" mean opinion score (MOS) evaluations 
respectively. The test result shows that in the Intra-lingual session, the average 
naturalness MOS is 3.45, 3.02 and 2.23 points, and average similarity MOS score’s 
3.38, 2.99 and 2.10 points while using 10 minutes, 3 minutes, and 30 seconds target 
speech, respectively; in cross-lingual part, the average naturalness MOS score is 2.90 
and 2.70 points; average similarity MOS score is 2.84 and 2.54 points while using 6 
minutes and 3 minutes target speech, respectively. From those results, it shows that 
our proposed system indeed could synthesize any Taiwanese sentences via anyone's 
voice. 

關鍵詞：台文語音語料庫、台語語音合成、台語語音轉換 

Keywords: Taiwanese Across Taiwan, Taiwanese Speech Synthesis, Taiwanese 
Voice Conversion 
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1. 緒論 (Introduction) 

1.1 動機與目的 (Motivation) 
台灣的台語人口逐漸式微，普遍有越年輕越不使用台語的趨勢，最多情況就是面對長輩

時，不懂得如何用台語溝通。因此本論文針對現況，希望能建置（1）中文文字轉台語語

音合成系統，與（2）具語音轉換功能的多語者台語語音合成系統，讓使用者在面對講不

出台語的窘境時，能知道要如何用台語表達，並能聽到以自己講話的聲音合成的台語語

音。 

阻礙達成此目標的主要問題是缺乏台語語音語料，因此，我們首先針對此台語語料

基礎建設之需求，建置台文語音語料庫（Taiwanese Across Taiwan，TAT）作為研發台語

語音合成系統之基礎，其包括（1）TAT-Vol1~2，其為橫跨台灣錄製的 100 小時/200 人

之台語語音辨認（automatic speech recognition, ASR）與多語者語音合成（multi-speaker 
text-to-speech, TTS）用語料庫，與（2）TAT-TTS-M1~2 與 TAT-TTS-F1~2，此為依據台

語強勢（高雄）腔與次強勢（台北）腔，各錄製一男一女，每人十小時之台語語音合成

用語料庫。此外，為使台語語音合成的自然度能逼近真人，本論文也針對 TAT-TTS 語料

庫進行人工台語變調與韻律標註，包括校正語料中每個字的音調，與加上語音韻律階層

邊界標記，以改善合成語音的韻律流暢度。我們即利用此 TAT 語料庫，訓練前述之台語

語音合成與語音轉換系統。 

此外，我們考慮在中文文字轉台語語音合成系統系統方面，需要能即時將中文文字

轉譯成台語語音，因此除採用高品質（state-of-the-art）的 end-to-end（E2E）Tacotron 2 語

音合成主架構，並再加上基於 convolution neural network（CNN）之 sequence-to-sequence
中文文字轉台語台羅拼音機器翻譯前級，與可即時合成語音的WaveGlow語音合成後級。 

而為盡量能多樣化合成台語語音的（人物）音色，在語音轉換架構方面，我們改用

基於串接語音辨認（automatic speech recognition, ASR）與語音合成（text-to-speech, TTS）
模組之 cascaded ASR+TTS架構。其中 ASR 與 TTS 模組，都將使用基於 end-to-end （E2E）
架構的 Transformer 類神經網路。 

最後，我們使用 mean opinion score（MOS）主觀評分方式，測試台語語音合成與語

音轉換系統的『自然度』，與比較語音轉換系統的合成音檔與目標語者音色的「相似度」。

此外，如何在有限的目標語者訓練語料限制情況下，盡量維持住語音轉換後音檔的自然

度和相似度，也是語音轉換系統評估成效的重點。 

1.2 背景 (Background) 
目前主流的語音合成系統，幾乎都是基於類神經網路技術，比如 Google 提出的

Tacotron2+WaveNet Vocoder 架構(Shen et al., 2018)。Tacotron2 可直接以類神經網路，進

行文脈訊息處理，建立一「文字」轉「Mel-Spectrogram」的 end-to-end 架構。WaveNet 
Vocoder 接著將「Mel-Spectrogram」轉成「Speech Waveform」。此架構出現以後，語音
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合成的音質就幾乎接近人聲。但此處的 WaveNet Vocoder，是一個以 sample 為單位做計

算的序列式遞迴網路架構，sample 需要一個接著一個照前後順序產生。除計算量相當大

外，也不易平行化，導致語音生成速度非常慢。而 NVIDIA 提出的 WaveGlow (Prenger et 
al., 2018)則正好可以解決此問題，WaveGlow 是一個基於流的生成模型，其利用批次取

樣與分佈轉換處理，避開遞迴網路架構計算量大，且不易平行化的問題，合成所需時間

比大幅減少，若是合成約 10 秒以下的語音，大幅減少的合成時間已經幾乎接近體感的即

時合成，且其公開的平均意見得分（MOS）測試也表明，WaveGlow 的音質也不遜於

WaveNet。 

而在語音轉換方面，國際研究社群在 2016，2018 和 2020 年，分別舉辦多次的 voice 
conversion challenge（VCC）競賽。2020 年的比賽(Zhao et al., 2020)分成了 Task1：同語

言的半平行語音轉換（Intra-lingual semi-parallel VC)，和 Task2：跨語言語音轉換（Cross-
lingual VC）兩種任務。在 VCC 2020 中，各參賽隊伍在語音特徵轉換和後端聲碼器的選

擇如圖 1 所示。由 Task1 的語音轉換音檔自然度及相似度比賽結果（如圖 2 所示），顯

示在同語言的情況下，得益於 ASR 和 TTS 技術近幾年的快速發展，一些基於聲學後驗

圖譜（phonetic posteriorgram，PPG），或是 ASR 加 TTS 架構的語音轉換技術，在語音

轉換音檔的自然度與相似度上，被普遍認為優於以往的自動編碼器（Auto-Encoder）或是

生成對抗網路（GAN）等系統。而由 Task2 比賽結果（如圖 3 所示）可以看出來，PPG
和 cascaded ASR+TTS 的方法，都很適合用在跨語言語音轉換情況。 

       圖 1. VCC 2020 參賽者使用模型架構詳細資訊(Zhao et al., 2020) 
   [Figure 1. Summary of adopted approaches in Voice Conversion Challenge 
           (VCC) 2020] 
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            圖 2. VCC 2020 Task1 比賽結果(Zhao et al., 2020) 
    [Figure 2. Benchmark Results on Task1 of Voice Conversion Challenge  
            (VCC) 2020] 

 
            圖 3. VCC 2020 Task2 比賽結果(Zhao et al., 2020) 
    [Figure 3. Benchmark Results on Task2 of Voice Conversion Challenge  
            (VCC) 2020] 
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此外，從整體比賽結果來看，同語言任務的自然度與相似度分數，都已經可以達到

相當不錯的分數。而跨語言語音轉換，因難度較高，在自然度和相似度都還有進步的空

間，不同語言說話的方式還是一定程度上影響了語音轉換的成效。 

1.3 研究方法 (Approaches) 
目前還較少有人嘗試台語的語音合成與語音轉換技術。以下說明我們建置（1）中文文字

轉台語語音合成系統，與（2）具語音轉換功能的多語者台語語音合成系統的主要目標與

研究方法。 

1.3.1 單人台語語音合成系統 (Single-Speaker Chinese Text-to-Taiwanese Speech 
Synthesis) 

此系統使用 sequence-to-sequence-based 中文文字轉台語台羅拼音機器翻譯前級，串接

Tractron 語音合成主架構，與 WaveGlow 語音合成後級，以實現高品質且即時之台語語

音合成系統。其系統流程如圖 4 所示：使用者輸入中文文字後，先透過機器翻譯成相對

應的台語語句的台羅拼音文本，再使用 Tacotron 2 將台羅拼音文本轉換成台語合成語音

的頻譜，最後用 WaveGlow 將台語語音的頻譜解碼成實際的台語語音。此系統最後並被

做成線上展示網頁(http://tts001.iptcloud.net:8801)，公開供大眾測試。 

 
                圖 4. 單人台語語音合成系統流程簡介 
[Figure 4. Block-diagram of the Single-Speaker Taiwanese Text-to-Speech System] 

http://tts001.iptcloud.net:8801/
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1.3.2 結合語音辨認及合成模組之台語語音轉換系統  (Cascade ASR and TTS-
based Taiwanese Voice Conversion System) 

此部分採用 Cascade ASR+TTS 架構(Huang et al., 2020)進行台語語音轉換系統的初步建

置，其架構如圖 5 所示。其包含三個模型，分別是負責台語語音辨認的語者獨立

Transformer-based ASR model，負責擷取目標語者語音特徵的 X-Vector，以及負責依據目

標語者 X-Vector，進行台語語音合成的 Multi-speaker Transformer-TTS model。 

其在訓練階段，利用少量目標語者的聲音，求取其 X-Vector，並微調（fine-tuning）
事先預備好的多語者 TTS 模型，產生目標語者的 TTS 模型。因此，在測試階段，就能利

用 ASR 前級，把來源語者的音檔辨識出文字，並用微調好的 TTS 合成出具目標語者語

音特徵的語音檔。 

此外，我們也針對跨語言語音轉換任務，將原先 VCC 2020 Task2 中的華語轉英語的

專案(Kamo, 2021)，替換成華語轉台語的語音轉換系統。 

 
       圖 5. 結合語音辨認及合成模組之台語語音轉換系統流程簡介  
            (Huang et al., 2020) 
   [Figure 5. Flowchart of the Cascade ASR and TTS-based Taiwanese Voice 
           Conversion System] 
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2. 相關研究 (Related Works) 

2.1 語音合成 (Text-to-Speech) 
語音合成，是一種將文本轉換成語音（Text-To-Speech，TTS）的技術，從最早期的音檔

串接合成，發展到使用隱藏式馬可夫模型，一直到現今的類神經網路，電腦合成語音的

聲音已經到了幾乎跟真人相似的程度。 

2.1.1 Tacotron2 
Tacotron2 的架構圖(Shen et al., 2018) 如圖 6 所示，其使用 encoder-decoder + Location 
Sensitive Attention 的架構。將文本資訊輸入 encoder 後，encoder 類神經網路進行文本分

析，萃取出輸入文句的文脈特徵參數，decoder 接著依據文脈特徵參數，以 attention 權重

機制，對齊（alignment）輸入文字與產出的合成語音的梅爾頻譜圖，最後再由 WaveNet 
Vocoder 將梅爾頻譜進行解碼，合成高品質的語音。 

 
              圖 6. Tacotron2 架構流程圖(Shen et al., 2018) 
      [Figure 6. Architecture of the Tacotron2 Speech Synthesis System] 

與同是 Google 提出的對前一代的 Tacotron (Wang et al., 2017)相比，其主要改良是取

消 CBHG，改用普通的 LSTM 和 Convolution layer，接著每一步 decoder 改成只生成一個

frame，並在後面增加了一個 5 層的後置 CNN 網路，來使產出的梅爾頻譜更正確，最後

重點是將 Tacotron 後端的 Griffin-Lim，改為能合成出更像真人講話聲音的 WaveNet 
Vocoder。 
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2.1.2 WaveGlow 
上述提到的 Tacotron2 已經可以做到合成出接近人聲的音檔，但後端的 WaveNet Vocoder
卻有著語音生成速度緩慢的缺點。而 NVIDIA 提出的 WaveGlow 架構(Prenger et al., 2018)
即是此問題的解決方法，WaveGlow 是一種 flow-based generative networks，其架構圖如

圖 7 所示，主要是透過一可以完美執行逆轉換的音檔波形正規化轉換類神經網路架構，

在給定輸入音檔的相對應頻譜的條件下，將所有可能的語音音檔波形折疊投影到一高斯

分布 z 空間。因此，在合成時只需在 z 空間中作取樣，再依據給定的合成音檔的對應頻

譜條件，即可以類神經網路執行逆轉換，將取樣出的 z 向量，反折疊回實際的音檔波形。

此外，因為這些逆轉換的類神經網路運算過程，都可以進行批次平行化處理，所以最終

可以即時合成高品質語音。 

 
           圖 7. WaveGlow 訓練及合成過程(Prenger et al., 2018) 
   [Figure 7. Training and Synthesis processing of the WaveGlow Approach] 

其中，可完美執行逆轉換的類神經網路的實際架構圖如圖 8 所示。訓練時依據基於

輸入與輸出音檔相似度的 cost function 導引，依據給定的合成音檔頻譜條件，多次利用

可逆卷積（invertible convolution）與耦合層（coupling layer）網路，進行函式轉換，逐步

學習如何將真實語音波形訊號 x，投射到一具高斯分佈之隱藏變數 z 的向量空間。並在

訓練時限制 mapping 函式為可逆函式。如此，WaveGlow 在生成語音波型時，即可在隱

藏變數 z 空間進行取樣，再依據給定的合成音檔頻譜條件，經多次逆函式轉換，逐步將

z 向量，反解成真實語音波形訊號 x。 
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             圖 8. WaveGlow 網路結構圖(Prenger et al., 2018) 
            [Figure 8. The architecture of the WaveGlow System] 

2.2 語音轉換 (Voice Conversion) 
較早的語音轉換方法，在有平行錄音語料的情形下，有統計式及樣本式兩種方法，例如

高斯混合模型（Gaussian mixture model, GMM）與基於局部線性嵌入 (locally linear 
embedding, LLE)的語音轉換方法等。其中，統計式語音轉換方法的主要缺點，為轉換後

所得到的語音頻譜有過度平滑的現象，因而降低了語音品質與語者相似度。而樣本式語

音轉換方法的優點，則是不需要模型訓練過程，但是樣本數量的多寡會影響轉換後語音

的音質，而且轉換過程的運算量會隨著樣本數量增加而提高。 

隨著類神經網路的高度發展，基於神經網路的語音轉換技術也漸漸成為主流。像是

變分式自動編碼器（variational autoencoder, VAE）架構(Hsu et al., 2016)，可以用來串在

一通用語音合成系統的後級，用以在只有少量語者語音資料的情形下，轉換通用語音合

成系統的輸出音色，如圖 9 所示。 

 
    圖 9. 基於變分式自動編碼器（variational autoencoder, VAE）之語音 
         轉換方法 (Hsu et al., 2016) 
          [Figure 9. Variational autoencoder-based voice conversion] 
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此外，亦有利用語音辨認器作為輔助的方法，例如，以語音辨認器，計算語音中的

聲學後驗圖譜（phonetic posteriorgram，PPG）(Sun et al., 2016)，並依此圖譜當作語音中

說話內容的資訊，用以輔助語音轉換，如圖 10 所示。此做法可以容忍因前級語音辨認器

的錯誤辨認輸出，導致後級語音轉換合成的錯誤。 

 
   圖 10. 基於聲學後驗圖譜（phonetic posteriorgram，PPG）之語音轉換 

架構(Sun et al., 2016)  
[Figure 10. Phonetic Posteriorgram-based voice conversion] 

3. Taiwanese Across Taiwan語料庫建置 (Taiwanese Across Taiwan Corpus) 

為了處理在此論文中，所述之台語語音合成與語音轉換系統開發，所需的大量台語語料

問題，我們首先規劃並建置一大規模台文語音語料庫（Taiwanese across Taiwan，TAT）。
其包括 TAT-Vol1~2，共有 200 位語者，約 100 小時的台語語音辨認/多語者語音合成用

語料，與 TAT-TTS-M1~2 與 TAT-TTS-F1~2，考慮台語強勢（高雄）與次強勢（台北）

腔，共兩男兩女，每人約 10 小時的台語語音合成專用語料。以下說明 TAT 語料庫的設

計，錄音標準作業程序，人工校正作業程序與語料庫發行等程序。 

3.1 語料庫目的與設計 (Corpus Design) 
我們的目的是想要製作一個能反應台文與台語使用現況，並涵蓋大部分台語腔調的台文

語音語料庫。因此我們需要收集豐富的原生台語文本，並在台灣各地招募台語發音人，

進行語料收集。並整理成具錄音資訊後製資料（metadata）的電子化語料庫。所以，此台

語語音語料庫設計如下： 
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● 目標台語文本內容：使用多種題材的台語原生短文章（不用翻譯文章），以充分反應台文

與台語使用現況。並包含日常生活對話、數字，地址等常用語句，以利開發語音辨認與

語音合成應用。 

● 目標台語發音語者：在台灣各區域招募不同性別與年紀的當地台語語者，並要求其照自

己平常的習慣自然發音，以蒐集台灣不同區域的人真實使用的不同台語腔調。 

● 目標錄音環境：針對語音辨認應用，需使用多種麥克風，在一般安靜辦公室環境錄音，

以收集多種麥克風通道與環境變化。針對語音合成應用，則需進具高階隔音與殘響抑制

的專業錄音室，以高階電容式麥克風，錄制無任何背景噪音與殘響的高品質音檔。 

● 電子化檔案格式：語料庫必須包含錄音資訊後製資料的電子化檔案格式，最終形式需為

一個 Microsoft Waveform 格式的語音音檔，配合一個對應的 json 格式文字檔，其中記錄

了人工校正後產生的台羅數字調，音檔長度或是錄音者使用的腔調等相關資訊，檔案格

式範例如圖 11 所示。 

 
                   圖 11. TAT 語料庫 json 文檔範例 
                [Figure 11. Recording Metadata Example] 

3.2 錄音作業協定 (Recording Protocol) 
依據上述語料庫目的，我們訂定了以下語料庫建置的錄音標準作業流程，如圖 12 所示，

包括文本蒐集、提示卡製作、發音人招募、發音人錄音預備、實際錄音、人工校正與語

料庫釋出等流程。以下將分別介紹各程序的進行方式。 
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                     圖 12. TAT 語料庫建置流程 
           [Figure 12. The recording protocol of the TAT corpus] 

3.2.1 台語原生文本蒐集與提示卡製作 (Native Taiwanese Prompt Sheets) 
錄音的文本的蒐集來源，主要來自於李江卻台語文教基金會 1，由其聯繫曾在基金會出版

品發表文章的 50 位作者，每人蒐集約 6000 字的文本。再加上基金會本身出版的台語日

常對話課程教材，與程式依樣板隨機產生的數字串、電話號碼與地址等常用語句。 

依據上述文本，製作出的約 50 份提示卡，其內容包含三大類，範例如圖 13，圖 14
以及圖 15 所示，分別為(1)數字資料，像是地址、日期、電話等等，還有(2)日常對話以

及(3)短文等，分別以句或是短段落（1~3 短句）為單位編號條列之。每一個句子，除提

供台文文句外，並標上參考（不限制其發音）用的對應台羅拼音文句，以便不熟習台文 

                圖 13. 錄音提示卡-數字資料部分範例 
 [Figure 13. A typical exampleof prompt sheet: address, date and digits] 

 
1 i kang khioh taiwanese cultural and educational foundation 
  https://www.tgb.org.tw/ 



 

 

102                                                              許文漢 等 

的發音人事先溫稿。最後，每份提示卡內容長度，則是設定成一人份，總共約錄製出 30
分鐘語音檔。 

 
                 圖 14. 錄音提示卡-日常對話部分範例 

[Figure 14. A typical exampleof prompt sheet: daily conversation session] 

 
                   圖 15. 錄音提示卡-短文部分範例 
      [Figure 15. A typical exampleof prompt sheet: short article session] 

3.2.2 ASR錄音程序 (Recording Procedure for ASR Corpus) 
3.2.2.1 錄音員招募與錄音員預備 (Speaker Recruitment) 

錄音提示卡準備好後，我們與台灣各地的教授合作，就近在其學校附近，招募適合的台

語發音人，並指定其所使用的提示卡的編號，要求其先溫稿後，約定時間進行錄音。以

涵蓋全台灣各地使用各種不同台語腔調的台語使用者。在 TAT-Vol1~2 語料庫錄製過程

中，我們共與五位教授合作，包括師範大學許慧如教授，台中教育大學楊允言教授及程

俊源教授，中正大學蔡素娟教授與成功大學陳麗君教授，其學校所在區域如圖 16 所示，

每位教授負責招募與錄製約 50 位語者，因此一份提示卡，最多只會能給四個人使用。 
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               圖 16. TAT 語料庫錄製合作教授分布區域圖 
         [Figure 16. Distribution of locations of recording campuses] 

3.2.2.2 錄音設備配置 (Equipment Configuration) 

ASR 語料蒐集，通常選在安靜的一般辦公室，會議室或教室作為錄音環境。錄音時，為

了模擬不同的使用情境下錄到的聲音，整個錄音設備配置如圖 17 所示，使用筆電，透過

USB 介面，連接 Zoom H62多軌數位錄音介面，同時抓取 6 隻麥克風的訊號，一次錄製 6
軌音檔，以蒐集不同麥克風與錄音通道的影響。 

 
2 ZOOM CORPORATION, H6 Handy Recorder Operation Manual, Available: 

https://www.zoom.co.jp/sites/default/files/products/downloads/pdfs/E_H6v2.pdf 
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                  圖 17. TAT 語料庫錄製情形模擬圖 
          [Figure 17. Configuration of the recording equipments] 

其中，Zoom H6 的最高取樣頻率，可以設置到 192 kHz。而此六隻麥克風的模擬使

用情境，可分為三類，第一種是距離最遠的兩個麥克風，約距離錄音者 1 公尺，分別為

ZOOM XYH-6 左聲道和 ZOOM XYH-6 右聲道，用以模擬遠距麥克風收音效應，其會含

有較多空間殘響與背景噪音：第二種是距離最近的兩個麥克風，約距離錄音者 5 到 10 公

分，分別為放在發音人嘴巴正前方的電容式麥克風，和別在胸口的領夾式麥克風，用以

收集近場語音，其聲音應該最為乾淨清楚：第三種是約距離錄音者 15 到 20 公分，位居

下方偏右的 ios 手機，以及下方偏左的 android 手機的內建麥克風，分別用來呈現一般手

機使用情形下的收音情況。 
3.2.2.3 錄音程序 (Recording Procedures) 

錄音現場示意圖如圖 18 所示，由一名監錄員使用筆電，執行德國慕尼黑大學開發的

SpeechRecoder 語料蒐集錄音軟體 3，一次一句將提示卡內容，投放至發音人正前方的提

示卡螢幕（外接螢幕），給發音人觀看。請發音人按照提示卡螢幕上的文句，進行錄音。

同時，監錄員利用耳機，與筆電主螢幕上 SpeechRecoder 錄音軟體所畫出的六軌音檔波

形，進行音檔監聽與波形監看。確認每次錄音，音檔聲音的大小聲，錄音說話內容及說

話順暢度皆正確後，再接續投放提示卡中的下一個文句。如此重複進行直至全部錄音文

本錄音完畢。 

  

 
3 SpeechRecorder. Available: https://www.bas.uni-muenchen.de/Bas/software/speechrecorder/ 
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                     圖 18. ASR 錄音現場示意圖 
                 [Figure 18. Photo of the recording site] 

3.2.3 TTS錄音程序 (Recording Procedures for TTS) 
3.2.3.1 錄音員招募與錄音員預備 (Speaker Recruitment) 

TTS 的部分則是請李江卻台語文教基金會招募了共兩男兩女 4 名語者，代號分別為 M1，
M2，F1 與 F2，4 位語者的相關資訊如表 1 到表 4 所示。其中 M1 以及 F1 語者的腔調為

台灣台語強勢腔（偏漳州腔/高雄腔），M2 跟 F2 則為次強勢腔（偏泉州腔/台北腔）。此

四位發音人需把所有提示卡全部念完，完成共約十小時的台語語音，以蒐集足夠台語語

音合成用語料。 

表 1. M1 語者資訊 
[Table 1. Personal information about Speaker M1] 

性別 年齡 教育程度 出生地 現居地 腔調 

男 34 歲 大學 台北市士林區 台北市士林區 偏漳州腔 

表 2. M2 語者資訊 
[Table 2. Personal information about Speaker M2] 

性別 年齡 教育程度 出生地 現居地 腔調 

男 55 歲 大學 新北市汐止區 新北市汐止區 泉州安溪腔 
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表 3. F1 語者資訊 
[Table 3. Personal information about Speaker F1] 

性別 年齡 教育程度 出生地 現居地 腔調 

女 52 歲 碩士 高雄市新興區 新北市新店區 漳州腔 

表 4. F2 語者資訊 
[Table 4. Personal information about Speaker F2] 

性別 年齡 教育程度 出生地 現居地 腔調 

女 41 歲 碩士 台中市梧棲區 台北市中正區 泉州腔 

3.2.3.2 錄音設備配置 (Equipment Configuration) 

與 ASR 不同， TTS 用合成語料必須排除背景雜音，讓聲音越乾淨越好。因此 TTS 專用

語料是在能隔絕背景底噪（如圖 19 左方所示）及抑制空間殘響（如圖 19 右方所示）的

專業錄音室中錄音。並且錄製 TTS 時必須使用音質最好的高階電容式麥克風，近距離進

行錄製。 

 
                      圖 19. 專業錄音室示意圖 
           [Figure 19. Photos of the professional recording studio] 

3.2.3.3 錄音程序 (Recording Procedures) 

TTS 語料蒐集的錄音現場示意圖如圖 20 所示。需由一名音響工程師，操作專業錄音工作

站軟體，確認音檔聲學特性平穩一致（大小聲、速度與韻律等等）。此外，並需再加上

一名具台語老師等級的發音監錄員，同時一句一句監督每句台語發音的正確性。此外，

第一次錄音時，需先錄製數句校正句，作為範本，在每次開始新的錄音工作（session）
前，播放給發音人聆聽，讓發音人校正對齊其發音特性。而且，一次錄音工作的時間不

能太長，必須讓發音人有足夠休息時間，以維持其發音特型一致，不要偏掉。 
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                      圖 20. TTS 錄音現場示意圖 
              [Figure 20. Photo of the recording workstation] 

3.2.4 人工校正 (Transcription) 
錄製好的語音檔，最後分別由五位合作教授的團隊（負責 TAT-Vol1~2），與李江卻台語

文教基金會 的工作人員（負責 TAT-TTS-M1~2 與 TAT-TTS-F1~2），利用意傳科技的線

上語料庫校正輔助工具（如圖 21 所示），以人工逐句聆聽校正文字檔，與依據發音人的

實際發音，標上台羅正確拚音，產生最終的語料庫。 

 
              圖 21. 意傳科技語料庫校正輔助工具示意圖 
       [Figure 21. User interface of the online corpus annotation tool] 
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3.3 語料庫內容統計 (Statistics of TAT Corpus) 
以下介紹完成的 TAT-Vol11~2 與 TAT-TTS-M1~2 與 TAT-TTS-F1~2 語料庫的內容統計

資料。 

3.3.1 TAT-Vol1~2 
在台語語音辨認用語料蒐集部分，經過一年的辛苦錄音後，最終招募了台灣各地使用各

種不同台語腔調的台語語者共約 200 人，包括男生 91 人，女生 109 人，其在台灣的地域

/人數分布如圖 22 所示，年齡分佈從 18 到 80 歲都有，分佈如圖 23 所示。 

 
             圖 22. TAT-Vol1~2 語料庫，錄音語者地域分布 
         [Figure 22. Distribution of speakers in TAT-Vol1~2 corpus] 

 
              圖 23. TAT-ASR 錄音語者年齡分布及性別比 
       [Figure 23. Distribution of ages and sexs of recorded speakers in  
                TAT-Vol1~2 corpsu] 
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目前完成的語料庫總時數共約 104.36 小時，經均分成 TAT-Vol1~2 兩集語料庫，委

託『社團法人中華民國計算語言學學會』4公開發行。各子集的詳細的句數，字數與時數

統計數據如圖 24 所示。 

 
                 圖 24. TAT-ASR 語料庫詳細統計數據 
             [Figure 24. Statistics of the TAT-Vol1~2 corpus] 

3.3.2 TAT-TTS-M1~2與TAT-TTS-F1~2 (TAT-TTS-M1~2 and TAT-TTS-F1~2) 
在台語語音合成專用的語料庫方面，最終錄製了 2 名男生和 2 名女生的語料。語料庫完

成品形式同樣為一個音檔，配對一個相同檔名的 json 檔。此 json 檔的格式，如圖 25 所

示，含有漢羅台文、台羅數字調、音檔長度或是發音人的屬性等相關資訊。 

 
                     圖 25. TAT-TTS json 文檔範例 
          [Figure 25. A typical example of the recording metadata] 

 
4 https://www.aclclp.org.tw/corp_c.php 
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此語料也已經委託『社團法人中華民國計算語言學學會』公開發行。目前共完成 4
位語者，每位語者約 10 小時的語料，總時數共約 40.6 小時。音檔詳細資訊如圖 26 所示，

以人為單位分成四集，包括 TAT-TTS-M1~2 與 TAT-TTS-F1~2，其中 M 與 F 分別為男生

與女生語者的代號，1 與 2 則分別為強勢腔與次強勢腔的編碼。 

 
   圖 26. TAT-TTS-M1~2 與 TAT-TTS-F1~2 語料庫的詳細音檔資料與句數、 
         時數等統計資訊 
    [Figure 26. Statistics of the TAT-TTS-M1~2 and TAT-TTS-F1~2 corpus] 

3.4 台語變調與韻律邊界標註  (Annotation of Tone and Prosodic      
Boundary) 

我們以 TAT-TTS 的 M1 語者作為訓練語料，完成單人台語語音合成系統後，發現合成音

有時有台語變調與停頓不通順的問題，這主要是當初因人力問題，在建置 TAT-TTS-M1~2
與 TAT-TTS-F1~2 時，只以台語本調做標記，並沒有針對台語變調，進行人工校正，或

是加上韻律邊界標注。因此，我們針對 TAT-TTS-M1 語料庫，進一步加上中文翻譯、標

註台語變調與台語韻律詞或韻律片語邊界。 

3.4.1 語料庫設計 (Corpus Design) 
我們訂定了以下的變調與韻律標註標準作業程序。標註方法為在原先語料的 json 檔裡面

新增兩行字串，分別是(1)中文翻譯，(2)台語變調校正以及（3）加入兩種新韻律邊界符號

的台羅數字調。新增標註資訊後的 json 檔的前後比較如圖 27 所示。 
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                圖 27. TAT-TTS 台語語料校正前後比較 
    [Figure 27. Comparison of metadata before and after Chinese Text, tone  
             and prosodic boundary annotation] 

其中加入中文是為了以後能進行中文轉台文與中文轉台羅拼音兩種機器翻譯。而校

正變調與加入自訂的兩種新韻律符號，是為了讓語音合成系統，可以學習變調規則與韻

律停頓方式。 

3.4.2 人工標註程序協定 (Annotation Protocol) 
校正者應先聆聽每一句台語音檔，以人工整句翻譯成對應的中文文字，並在 json 中加入

一行中文文字標註。範例如圖 28 所示。 

 
             圖 28. TAT-TTS 台語語料之加入中文翻譯範例 
           [Figure 28. A typical example of Chinese translation] 

此外，校正者需一句一句聆聽台語音檔中的變調與韻律邊界結構現象，首先將需要

變調的數字調進行更正。接下來必須留意音檔停頓的位置，語音停頓的地方如為空格或

標點符號為正常，不須理會。講者連續念過去的地方如為連字號或是輕聲符號(雙重連字

號)，也不須理會。但如連續念過去的地方為空格，則需將空格取代為適當的韻律符號，

經討論後我們定義出兩種新的韻律符號，分別為(1)韻律詞，代表符號為加號"+"，(2)韻律

片語，代表符號為底線"_"。json 檔校正完成後的範例如圖 29 所示，此範例音檔為 TAT-
TTS-M1 裡面的 M1_1-6.wav 音檔。 
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           圖 29. TAT-TTS 台語語料之變調與韻律符號校正範例 
 [Figure 29. A typical example of tone sandhi and prosodic boundary annotation] 

3.4.3 語料庫完成品統計 (Statistics of Corpus) 
經過校正人員的努力，目前已經將 M1 語者的語料全數校正完畢，校正完成後的部分 json
文檔範例如圖 30 所示。後續也將針對剩下的 M2，F1 和 F2 語者的語料進行校正。 

 
                圖 30. TAT-TTS-M1 校正後 json 文檔範例 
            [Figure 30. A typical example of recording metadata] 

4. 中文文字轉台語語音合成系統  (Chinese Text to Taiwanese Speech 
Synthesis System) 

在踏入較複雜的台語語音轉換系統前，我們先以做出單人台語語音合成系統為目標，從

中汲取台語語音合成相關的經驗，後面再繼續做多人台語語音合成系統，跟台語語音轉

換系統。此外，因大多數人無法讀寫台文或是台羅拼音，因此我們額外在台語語音合成

系統的前端，再加上一個中文文字轉台羅拼音的機器翻譯模組，製作一『中文文字轉台

語語音合成系統』。 
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4.1 系統架構 (System Architecture) 
此次單人台語語音合成系統的建置，以前端的中文轉台羅拼音（Chinese to Taiwanese Tâi-
Lô Pinyin (TLPI), C2T）機器翻譯模組，加上後端的 Tacotron2+WaveGlow 語音合成架構

為 baseline。訓練 Tacotron2 的台語語料則選用 TAT-TTS-M1 的男生強勢腔語者，並選擇

json 文檔中「台羅數字調」當作訓練文本，機器翻譯使用語料則為開源之 iCorpus 臺華平

行新聞語料庫漢字臺羅版(Sih4, 2015)。具體系統架構如圖 31 所示，使用者輸入中文後，

C2T 將中文轉換成台羅拼音（依據『臺灣閩南語羅馬字拼音方案』(教育部，2008)，台羅

拼音作為文本輸入 Tacotron2 轉為頻譜，最後透過 WaveGlow 將頻譜即時的轉為波形並

合成語音。 

 
圖 31. 中文文字轉台語語音合成系統 

[Figure 31. The architecture of the Chinese text to Taiwanese speech 
          synthesis system] 

4.1.1 中文文字轉台羅拼音機器翻譯 (Chinese to Taiwanese translation) 
在訓練此機器翻譯所使用的中文對應台語拼音平行語料方面，使用了開源之 iCorpus 臺

華平行新聞語料庫漢字臺羅版(Sih4, 2015)。並以上述語料為基礎，自行人工去除專有名

詞，地名及人名等英文，以及少部分中文錯誤的地方，使訓練文本更為正確，經整理後

得到 60323 句原始平行語料。而原始的 iCorpus 平行語料並不包含標點符號，為使成品

之機器翻譯能夠看懂基本的標點符號，進而對語料進行以下處理。 

做法為將文本複製六份後，每一份負責加入一種標點符號，分別為逗號、句號、驚

嘆號、問號、冒號與分號六種標點符號。加入的方式為，每一句平行語料的結尾加入標

點符號後，隨後接上一句隨機分配的平行語料，這種將標點符號加在前後為不一樣句子

的方式，能讓標點符號的存在較為自然，使標點符號能正確地被訓練進去。最後將平行

語料中文的部分以空格隔開每一個中文字，台羅拼音的部分連字號也改成以空格表示，

讓平行語料以 phone 對 phone 的方式對應。以上全部完成處理後的部分範例如表 5 與表

6 所示。 
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表 5. iCorpus 平行語料中文部分範例 
[Table 5. Examples of the Chinese transcriptions in the iCorpus corpus] 
駐 美 特 派 員 曹 郁 芬 華 府 報 導 , 出 海 捕 獲 一 條 將 近 三 百 公 斤 

蔡 英 文 也 說 到 時 薪 應 該 調 整 ? 每 天 得 花 四 個 小 時 在 訓 練 上 
面 

現 在 正 好 芒 果 盛 產 的 季 節 : 北 部 早 晚 低 溫 可 能 只 有 二 十 度 
上 下 

表 6. iCorpus 平行語料台羅拼音部分範例 
[Table 6. Examples of the Taiwanese transcriptions in the iCorpus corpus] 

tsu3 bi2 tik8 phai3 uan5 tso5 hiok4 hun1 hua5 hu2 po3 to7 , tshut4 hai2 liah8 tioh8 tsit8 tiau5 
ua2 beh4 sann1 pah4 kong1 kin1 
tshua3 ing1 bun5 ma7 tam5 kau3 si5 sin1 ing1 kai1 tiau5 tsing2 ? tak8 kang1 khai1 iong7 si3 
tiam2 tsing1 ti7 hun3 lian7 bin7 ting2 
tsit4 ma2 tu2 ho2 suainn7 a2 tua7 tshut4 e5 kui3 tsiat4 : pak4 poo7 tsa2 am3 ke7 un1 kho2 
ling5 tsi2 u7 ji7 tsap8 too7 ting2 e7 

準備好平行語料後，我們參考網路上開源的 fairseq 機器翻譯演算法(Hsu, 2021)，其

基於 sequence-to-sequence 架構，網路如圖 32 所示，包括一 encoder 前端與一 decoder 後
端。前端 encoder 負責接收輸入中文文字序列，分析其語意並擷取出文脈資訊向量。後端

decoder 在文脈資訊向量之間加入 attention 之機制與 convolutional neural network 之訓練

模型下每個 encoder 權重，利用中文對應台語拼音平行語料庫進行訓練，以此得到最佳

的轉譯台羅拼音序列。 

 
圖 32. 中文轉台羅拼音機器翻譯訓練架構 

[Figure 32. The architecture of the Chinese to Taiwanese machine  
          translation system] 
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4.1.2 Tacotron2+WaveGlow 
我們使用 TAT-TTS-M1 約 10.4 小時的台語語料，以 22050 赫茲的音檔取樣頻率，以及原

始的「台羅數字調」當作文本，進行 Tacotron2 的訓練(Valle, 2020)。WaveGlow 聲碼器

僅負責將頻譜合成語音，訓練時僅使用大量的音檔，不須配合文本，意即使用的語料語

言與前端 Tacotron2 並無衝突。因此 WaveGlow 的部份，使用實驗室已經事先用數量與

豐富度較多的英文語料 LJ Speech 訓練出的 WaveGlow 模型(Valle, 2020)，不須使用台語

語料重新訓練。 

另外我們也使用了校正好變調以及韻律符號的 TAT-TTS-M1 語料，裡面新增的"變
調韻律 TLPI"作為訓練文本，將新增的兩種符號，加號"+"以及底線"_"新增進去訓練模型

時考慮的特殊符號，訓練了一版考慮變調以及新增兩種韻律符號的 Tacotron2，作為後續

實驗的比較。 

4.1.3 雛型系統展示網頁 (Prototype System Demonstration) 
我們將結合了中文轉台羅拼音機器翻譯的單人台語語音合成系統，做成了一展示網頁 5，

如圖 33 所示。使用者輸入中文文字後，按下合成按鈕就能撥放對應的台語語音，並能一

併顯示出翻譯過後的台羅拼音供使用者查詢。且另外設計了可輸入台羅拼音的欄位，讓

擁有相關台羅知識的使用者可以鍵入不同的發音並合成想要的台語語音。 

 
圖 33. 中文文字轉台語語音合成系統展示網頁 

[Figure 33. Demo website of the Chinese to Taiwanese machine translation] 

 

 
5 NTUT's Chinese to Taiwanese Text-to-Speech(TTS), http://tts001.iptcloud.net:8801/ 
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5. 結合語音辨認及合成模組之多語者台語語音轉換系統 (Multi-Speaker 
Voice Conversion System based on Cascade ASR and TTS framework) 

有了台語語音合成相關經驗的累積後，我們開始探究適合的台語語音轉換進行方法，目

標做出一個初版可行的台語語音轉換系統。 

5.1 同語言之台語對台語語音轉換系統建置  (Intra-Lingual Voice 
Conversion) 

我們以 VCC 2020 中出現的 Cascade ASR and TTS 方法(Huang et al., 2020)為 baseline，目

標建置台語對台語語音轉換系統。具體系統架構如圖 34 所示，將來源語者的音檔，以台

語語音辨認器轉成台羅拼音後，輸入已經預先以目標語者的語料微調過的台語多語者語

音合成器，合成出符合來源語者文本以及目標語者音色的語音轉換音檔。 

 
圖 34. 結合語音辨認及合成模組之台語轉台語語音轉換系統架構 

(Huang et al., 2020) 
[Figure 34. The architecture of the Taiwanese voice conversion system] 

此方法需以三種預訓練模型為基礎，分別是(1)X-Vectors，(2)Transformer-based ASR 
model 以及(3)Multi-speaker Transformer-TTS model。在語音轉換的領域，因為涉及到語者

辨識的技術，因此訓練語料的語者數量是越豐富越好。我們訓練三個預訓練模型使用的

台語語料分別使用了(1)TAT-TTS- M1~2 與 TAT-TTS-F1~2 四位語者，共 2 男 2 女，每人

約有 10 小時語料，總長度約為 40.6 小時，以及(2) TAT-Vol1~2 語料庫裡面的 200 位全

部語者，共 91 男 109 女，每人約有半小時語料，總長度約為 104.4 小時。 
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在訓練文本的選擇上，我們一樣使用"台羅數字調"，並將文本的連字號取消，以較

單純的字對字去訓練，部分範例如圖 35 所示，這樣一方面可以降低訓練的難度，也可以

跟後面跨語言任務使用的華語語料做相同的對應。 

 
圖 35. 台語語料訓練文本部分範例 

[Figure 35. A typical Example of the Taiwanese speech transcription data] 

而後端聲碼器則沿用原本的 Parallel WaveGAN（PWG），原因同單人台語語音合成

的 WaveGlow，聲碼器的部分不需要重新訓練。 

5.1.1 語者向量編碼器 (Speaker Embedding) 
使用了較為基礎的 X-Vectors 方法(Snyder et al., 2018)，如圖 36 所示。把輸入的語音截成

多段，將每一小段語音信號輸出的特徵算一個 mean 以及 variance 並且 concat 起來，輸

入 DNN 後來判斷這一小段語音是哪位語者的語者資訊，最後各小段語音的平均結果即

為 speaker embedding。將 204 人的台語音檔以 train set 194 人，test set 10 人的設定進行

語者向量編碼器的訓練(esdeboer, 2020)。  

 
圖 36. X-Vectors 架構(Snyder et al., 2018) 

[Figure 36. The architecture of X-Vector speaker embedding encoder] 
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5.1.2 台語語音辨認器 (Taiwanese Speech Recogntizer) 
以端對端 ASR 架構(Dong et al., 2018)，如圖 37 所示，以台語音檔和對應的文本，和上述

已經訓練好的 X-Vectors，進行 Transformer-based ASR model 的訓練(shirayu, 2021)。在

資料集分配上使用跟上述語者向量編碼器一樣 194 人的 train set，並將相同 10 人的 test 
set 分出 5 人給 dev set。 

 
圖 37. E2E-ASR 架構(Dong et al., 2018) 

[Figure 37. The architecture of Taiwanese speech recognizer] 

5.1.3 多語者語音合成器 (Multi-speaker TTS) 
多語者語音合成器的部分採用類似如圖 38 的架構(Chen et al., 2020)，以台語音檔和對應

的文本，和上述已經訓練好的 X-Vectors，進行 Multi-speaker Transformer-TTS model 的
訓練(shirayu, 2021)。資料集分配上則跟上述 ASR 完全一致，train：dev：test = 194：5：
5。 
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圖 38. E2E-TTS 架構(Chen et al., 2020) 

[Figure 38. The architecture of multi-speaker Taiwanese speech synthesis] 

5.2 跨語言之華語對台語語音轉換系統建置  (Cross-Lingual Voice 
Conversion) 

在 VCC 2020 中，比賽又分為 Task1：同語言任務以及 Task2：跨語言任務，如圖 39 所

示。而在跨語言任務中，比賽中設置目標語者的語言分別為華語，德語和法語，並需要

利用語音轉換使用目標語者的語音特徵說出英文句子。 
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圖 39. VCC 2020 兩種任務介紹(Zhao et al., 2020) 

[Figure 39. The Intra- and cross-lingual voice conversion tasks in VCC 2020] 

Cascade ASR and TTS 方法因為架構的特性，也可以做到跨語言的語音轉換，我們將

目標語者的語言設定為華語，目標建置一個華語對台語語音轉換系統。跟同語言的台語

對台語語音轉換系統相比，跨語言最大的差異在於 TTS 端的部分，如圖 40 所示。目標

語者的語言變成華語後，要做到跨語言的語音轉換就必須重新以華語和台語 2 種語言去

訓練雙語言的多語者語音合成器。 



 

 

                結合語音辨認及合成模組之台語語音轉換系統                121 

 

 
圖 40. 結合語音辨認及合成模組之華語轉台語語音轉換系統架構 

(Snyder et al., 2018) 
[Figure 40. The architecture of the cross-lingual voice conversion framework] 

我們在同語言的部分，也使用了原先由 librispeech 英文語料所訓練的 X-Vectors，並

以英文的 X-Vectors 重新對台語的多語者語音合成器進行訓練後，發現語音轉換的音檔

聽感其實差異不大，因此在跨語言的部分，我們在 X-Vectors 的部分沿用了原先英文語

料訓練的模型。而 ASR 的部分沿用同語言任務已經訓練好的模型。聲碼器也依舊使用原

本訓練好的 PWG。 

此處應用在跨語言語音轉換的華語語料，為 VCC 2020 中，Cascade ASR and TTS 方

法在華語對英語的跨語言語音轉換中，訓練雙語言多語者語音合成器(Kamo, 2021)時使

用的語料。名稱為 csmsc，共有 10000 筆音檔，語料總長度約 11.86 小時，為一大陸腔女

生所錄製的華語語料。 

為了使華語文本和台語文本一致，我們使用華語語料中跟台語文本一樣使用子音加

母音的文本形式作為訓練文本，部分範例如圖 41 所示。 
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                   圖 41. 華語語料訓練文本部分範例 
    [Figure 41. A typical example of the Mandarin speech transcription data] 

因為使用了兩種語言作為訓練文本，為了區分文本的語言屬性，需要在訓練文本前

加上語言碼，如英文預設為<en_US>，華文預設為<zh_ZH>，我們在台語方面則訂為

<tw_TW>，加上語言碼後的訓練文本部分範例如圖 42 所示。 

 
                  圖 42. 跨語言任務語言碼部分範例 
 [Figure 42. A typical example of the language code embedding for cross-lingual 
          voice conversion task] 

在使用 csmsc 華語語料以及同語言任務使用的台語語料，以及原先英文語料訓練的

X-Vectors，混合訓練好雙語言多語者語音合成器(Kamo, 2021)後，我們也成功建置了一

個跨語言之華語對台語語音轉換系統。 

6. 實驗 (Experimental Results) 

6.1 單人台語語音合成系統實驗  (Single-Speaker Taiwanese Speech       
Synthesis) 

我們使用變調更正以及增加韻律符號的新文本，重新訓練台語語音合成的新模型，並以

原本使用沒有變調以及沒有考慮兩種新的韻律符號的舊文本訓練的原模型做比較，簡單

設計了以下實驗。分別準備 10 句中文句子原始還沒校正過的台羅拼音，作為原模型的輸

入文本合成語音，然後請校正人員以相同規則為這 10 句台羅拼音進行變調更正以及韻

律符號的添加，作為新模型輸入的文本並合成語音。10 句實驗句子（S1~S10）校正前後

的台羅拼音比較如圖 43 所示，標記紅色的地方為變調更正和韻律符號不同的地方。 
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                    圖 43. 校正前後的台羅拼音比較 
    [Figure 43. Comparison of Taiwanese transcriptions before and after tone 
              sandi annotation] 
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我們請聽者對原模型以及新模型各 10 個句子合成出的音檔進行自然度的評分，最

後收集到 27 位聽者的評分，原模型以及新模型的實驗結果如圖 44 及圖 45 所示。 

 
                圖 44. 原模型自然度分數實驗結果盒鬚圖 
[Figure 44. The box-and-whisker plot of naturalness scores of the baseline model] 

 
                圖 45. 新模型自然度分數實驗結果盒鬚圖 
[Figure 45. The box-and-whisker plot of naturalness scores of the improved model] 

由實驗結果得知，輸入同樣韻律規則的文本合成的語音，比起只有以連字號和空格

作為韻律符號的文本合成的語音，的確在聽感上有更加接近真人在講同一句話時該有的

順暢度，較少會在奇怪的地方停頓。因此下一個目標，即為使用此新語料訓練能產出同

樣韻律規則的中文轉台語機器翻譯，以完成整個新台語語音合成系統的建置。 
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6.2 結合語音辨認及合成模組之台語多語者語音轉換系統實驗  (Multi- 
Speaker Voice Conversion) 

以下將介紹使用 TAT-ASR 以及 TAT-TTS 台文語料庫總共 204 名語者，共約 145 小時的

台語語料訓練的模型成果，以及結合語音辨認及合成模組之台語語音轉換系統的相關實

驗。 

6.2.1 語者向量編碼器EER結果 (Performance on Speaker Recognition) 
將 204 人的台語音檔以 train set 194 人，test set 10 人的設定進行語者向量編碼器的訓練

(esdeboer, 2020)。並以 test set 的台語語料製作 EER 的測試檔案，將 10 位測試語者取出

1 位，以相同語者，非相同語者的設計平均的跟另外 9 位測試語者做語者辨識的測試，

並且以此方法將 10 位測試語者全部測試完畢，測試檔案部分範例如圖 46 所示。最後用

194 人台語語料訓練出的語者向量編碼器，得出了 EER 為 5.506%的測試結果，minDCF
在 p-target = 0.01 的情況下為 0.7101，在 p-target = 0.001 的情況下為 0.8318。 

 
                圖 46. 語者向量編碼器測試檔案部分範例 
[Figure 46. A typical example of the speaker tranacriptions for speaker recognition] 

6.2.2 台語語音辨認器錯誤率 (Performance on Taiwanese Speech Recognition) 
在資料集分配上使用跟上述語者向量編碼器一樣 194 人的 train set，並將相同 10 人的 test 
set 分出 5 人給 dev set，最後訓練出來的語音辨認器，錯誤率約為 2.9%，詳情如圖 47 所

示。訓練過程相關 loss 資訊如圖 48 所示。 
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                    圖 47.台語語音辨認器訓練結果 
     [Figure 47. Experimental results of the Taiwanese speech recognitizer] 

 
                  圖 48.台語語音辨認器訓練過程 loss 
    [Figure 48. The learning curves of the Taiwanese speech synthesis system] 
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6.2.3 台語語音轉換系統實驗 (Taiwanese Voice Conversion) 
最後，我們針對使用台語語料做出的結合語音辨認及合成模組之台語語音轉換系統，設

計了轉換音檔「自然度」和「相似度」的主觀評測實驗。此實驗最終收集了 29 位評分者

的評分結果，評分人分別有來自中華電信研究院的語音相關專業人士，長問科技的語音

相關專業人士，台語老師以及同實驗室的研究生。 
6.2.3.1 實驗方法 (Experimental Settings) 

實驗問卷分成(1)台語對台語語音轉換和(2)華語對台語語音轉換兩部分，第一部分有 4 位

目標語者的合成音檔，第二部分有 3 位目標語者的合成音檔。每 1 位目標語者有數個需

要進行評分的合成音檔，和 1 個原始音檔以供對照。 

(1) 台語對台語語音轉換的部分，12 個合成音檔分別為 

(1-1)4 個使用約 10 分鐘 fine-tuning 語料量做出的語音轉換合成音檔 

(1-2)4 個使用約 3 分鐘 fine-tuning 語料量做出的語音轉換合成音檔 

(1-3)4 個使用約 30 秒 fine-tuning 語料量做出的語音轉換合成音檔 

(2) 華語對台語語音轉換的部分，8 個合成音檔分別為 

(2-1)4 個使用約 6 分鐘 fine-tuning 語料量做出的語音轉換合成音檔 

(2-2)4 個使用約 3 分鐘 fine-tuning 語料量做出的語音轉換合成音檔 

評分者聽完合成音檔後，依據主觀感受對每個合成音檔評兩種分數。 

(一) 自然度分數 

根據聽到的「自然度」進行 1.0 到 5.0 的評分，最多評分到小數第一位 

最低分 1.0 分 為完全不像真人講話的聲音 

最高分 5.0 分 為完全像是真人講話的聲音 

(二)相似度分數 

根據聽到的「相似度」進行 1.0 到 5.0 的評分，最多評分到小數第一位 

最低分 1.0 分 <原始音檔>和<合成音檔>完全不像同一個人講話的聲音 

最高分 5.0 分 <原始音檔>和<合成音檔>完全像同一個人講話的聲音 
6.2.3.2 同語言任務實驗結果 (Intra-Lingual Voice Conversion) 

台語對台語語音轉換音檔的 MOS 分數盒鬚圖（Box-Plot） 

(1-1)10 分鐘 fine-tuning 語料量，自然度分數和相似度分數如圖 49 和圖 50 所示 
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  圖 49. 同語言任務使用 10 分鐘 fine-tuning 語料量之自然度分數盒鬚圖 
 [Figure 49. The box-and-whisker plot of naturalness scores using 10-minute 
           fine-tuning data for intra-lingual voice conversion] 

 
  圖 50. 同語言任務使用 10 分鐘 fine-tuning 語料量之相似度分數盒鬚圖 
  [Figure 50. The box-and-whisker plot of similarity scores using 10-minute  
            fine-tuning data for intra-lingual voice conversion] 

(1-2)3 分鐘 fine-tuning 語料量，自然度分數和相似度分數如圖 51 和圖 52 所示 
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    圖 51. 同語言任務使用 3 分鐘 fine-tuning 語料量之自然度分數盒鬚圖 
   [Figure 51. The box-and-whisker plot of naturalness scores using 3-minute 
             fine-tuning data for intra-lingual voice conversion] 

 
    圖 52. 同語言任務使用 3 分鐘 fine-tuning 語料量之相似度分數盒鬚圖 
    [Figure 52. The box-and-whisker plot of similarity scores using 3-minute 
              fine-tuning data for intra-lingual voice conversion] 

(1-3)30 秒 fine-tuning 語料量，自然度分數和相似度分數如圖 53 和圖 54 所示 
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    圖 53. 同語言任務使用 30 秒 fine-tuning 語料量之自然度分數盒鬚圖 
  [Figure 53. The box-and-whisker plot of naturalness scores using 30-second 
            fine-tuning data for intra-lingual voice conversion] 

 
   圖 54. 同語言任務使用 30 秒 fine-tuning 語料量之相似度分數盒鬚圖 
 [Figure 54. The box-and-whisker plot of similarity scores using a 30-second  
           fine-tuning data for intra-lingual voice conversion] 

6.2.3.3 跨語言任務實驗結果 (Cross-Lingual Voice Conversion) 

華語對台語語音轉換音檔的 MOS 分數盒鬚圖（Box-Plot） 

(2-1)6 分鐘 fine-tuning 語料量，自然度分數和相似度分數如圖 55 和圖 56 所示 
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   圖 55. 跨語言任務使用 6 分鐘 fine-tuning 語料量之自然度分數盒鬚圖 
  [Figure 55. The box-and-whisker plot of naturalness scores using 6-minute  
            fine-tuning data for cross-lingual voice conversion] 

 
    圖 56. 跨語言任務使用 6 分鐘 fine-tuning 語料量之相似度分數盒鬚圖 
    [Figure 56. The box-and-whisker plot of similarity scores using 6-minute 
              fine-tuning data for cross-lingual voice conversion] 

(2-2)3 分鐘 fine-tuning 語料量，自然度分數和相似度分數如圖 57 和圖 58 所示 
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    圖 57. 跨語言任務使用 3 分鐘 fine-tuning 語料量之自然度分數盒鬚圖 
   [Figure 57. The box-and-whisker plot of naturalness scores using 3-minute 
             fine-tuning data for cross-lingual voice conversion] 

 
    圖 58. 跨語言任務使用 3 分鐘 fine-tuning 語料量之相似度分數盒鬚圖 
    [Figure 58. The box-and-whisker plot of similarity scores using 3-minute 
              fine-tuning data for cross-lingual voice conversion] 

從實驗結果可以得知，無論是同語言還是跨語言任務，使用的 fine-tuning 語料量越

少，音檔越難達到高品質的自然度與相似度，且跨語言的情況又比同語言更艱難。 
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7. 結論 (Conclusions) 

在此論文中，我們利用所蒐集的 Taiwanese Across Taiwan (TAT) 大規模台文語音語料庫，

包括，TAT-Vol1~2、TAT-TTS-M1~2 與 TAT-TTS-F1~2，完成了中文文字轉台語語音合

成系統，與台語語音轉換系統（包括同語言（台語對台語）與跨語言（華語對台語）兩

項語音轉換任務）。 

其中的中文文字轉台語語音合成系統，在經利用校正台語變調以及新增兩種韻律符

號，訓練出的新模型後，由實驗的結果也得知，合成音檔的自然度，可提升到 4.23 分，

如圖 59 所示。 

 
         圖 59. 單人台語語音合成系統校正前後自然度實驗結果 
    [Figure 59. Experimental results on the naturalness of the single-speaker 
             Taiwanese synthesis with and without tone snadi and prosodic 
             boundary annotations] 

在結合語音辨認及合成模組之台語多語者語音轉換實驗部分，同語言（台語對台語）

語音轉換任務在語料量較充足，如 10 分鐘的情況下，已經可以達到音檔自然度與相似度

都 3.45 與 3.38 分，如圖 60 和圖 61 所示。 
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             圖 60. 台語轉台語語音轉換系統自然度實驗結果 
    [Figure 60. Experimental results on the naturalness of the intra-lingual 
             voice conversion] 

 
             圖 61. 台語轉台語語音轉換系統相似度實驗結果 
    [Figure 61. Experimental results on the similarity of the intra-lingal voice 
              conversion] 

而在跨語言（華語對台語）語音轉換任務難度較高，但在只使用 6 分鐘語料量的情

況下，自然度以及相似度的，也還可以達到 2.9 分跟 2.84 分，如圖 62 和圖 63 所示。 
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             圖 62. 華語轉台語語音轉換系統自然度實驗結果 
  [Figure 62. Experimental results on the naturalness of the cross-lingual voice 
            conversion] 

 
             圖 63. 華語轉台語語音轉換系統相似度實驗結果 
    [Figure 63. Experimental results on the similarity of the cross-lingual voice 
             conversion] 

因此，由以上結果可知，我們所蒐集的 TAT 大規模台文語音語料庫，的確可以有效

做為開發台語語音合成技術的語料庫。所做出來的中文文字轉台語語音合成系統，與台

語語音轉換系統有都有還不錯的效能。 
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