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Abstract

Lyric-to-melody generation aims to automatically create
melodies based on given lyrics, requiring the capture of com-
plex and subtle correlations between them. However, previ-
ous works usually suffer from two main challenges: 1) lyric-
melody alignment modeling, which is often simplified to one-
syllable/word-to-one-note alignment, while others have the
problem of low alignment accuracy; 2) lyric-melody har-
mony modeling, which usually relies heavily on intermedi-
ates or strict rules, limiting model’s capabilities and gener-
ative diversity. In this paper, we propose SongGLM, a lyric-
to-melody generation system that leverages 2D alignment en-
coding and multi-task pre-training based on the General Lan-
guage Model (GLM) to guarantee the alignment and harmony
between lyrics and melodies. Specifically, 1) we introduce a
unified symbolic song representation for lyrics and melodies
with word-level and phrase-level (2D) alignment encoding to
capture the lyric-melody alignment; 2) we design a multi-
task pre-training framework with hierarchical blank infill-
ing objectives (n-gram, phrase, and long span), and incorpo-
rate lyric-melody relationships into the extraction of harmo-
nized n-grams to ensure the lyric-melody harmony. We also
construct a large-scale lyric-melody paired dataset compris-
ing over 200,000 English song pieces for pre-training and
fine-tuning. The objective and subjective results indicate that
SongGLM can generate melodies from lyrics with significant
improvements in both alignment and harmony, outperforming
all the previous baseline methods.

1 Introduction
Lyric-to-melody generation, which aims to automatically
generate melodies from given lyrics, has attracted lots of
attention from both academia and industry. When creating
melodies, capturing the complex and subtle lyric-melody
correlations is crucial. Previous works (Watanabe et al.
2018; Bao et al. 2019; Yu, Srivastava, and Canales 2021;
Ju et al. 2022; Sheng et al. 2021; Lv et al. 2022; Zhang et al.
2022; Ding et al. 2024; Wang et al. 2024; Yu et al. 2024) in
this field have achieved great progress in capturing these cor-
relations, but still encounter two primary challenges: lyric-
melody alignment modeling and harmony modeling.
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Figure 1: Illustration of lyric-to-melody generation chal-
lenges: alignment modeling and harmony modeling.

1) Lyric-melody alignment modeling. Lyric-melody
alignment denotes the quantitative relationships between
syllables/words and notes, particularly the number of notes
mapped to a single syllable or word, which has a signifi-
cant impact on the richness and singability of a song. Since
most existing works (Yu, Srivastava, and Canales 2021; Ju
et al. 2022; Lv et al. 2022; Zhang et al. 2022) only explore
the one-syllable/word-to-one-note (one-to-one) alignment,
few works consider the one-syllable/word-to-multiple-notes
(one-to-multiple) alignment. Bao et al. (2019) predicted the
number of notes corresponding to the given syllable with
a greedy alignment strategy. Sheng et al. (2021) utilized
sentence-level and token-level attention masks to achieve
alignment between word/syllable and note. However, these
methods usually suffer from low alignment accuracy, at-
tributable to their indirect ways of learning the lyric-melody
alignment. Consequently, it is essential to introduce a unified
representation for lyrics and melodies that directly captures
the lyric-melody alignment.

2) Lyric-melody harmony modeling. Lyric-melody har-
mony refers to the qualitative relationships between sylla-
bles/words and notes, emphasizing their feature coherence,
which is crucial for the rhythmic and structural consistency
of a song. Ju et al. (2022) proposed templates which con-
sist of tonality, chord, rhythm, and cadence, serving as a
bridge between lyrics and melodies to improve the harmony.
Lv et al. (2022) extracted key features from lyrics, includ-
ing tonality, rhythm, chord, and structure, and leveraged
these features as the query to retrieve and concatenate pre-
generated melody segments. Zhang et al. (2022) introduced
several rules about lyric-melody relationships from the per-
spectives of tone, rhythm, and structure, and integrated them
into the decoding step of lyric-to-melody generation models.
These approaches rely heavily on either intermediates (tem-
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plates or keys) or strict rules which limit model’s capabilities
and generative diversity. Therefore, proposing a method that
ensures the lyric-melody harmony while maintaining gener-
ative creativity is essential.

Specifically, to address the challenge of lyric-melody
alignment modeling, we introduce a unified symbolic song
representation that provides a comprehensive method to en-
code lyric and melodic information. For both words in lyrics
and notes in melodies, the representation consists of three
types of attributes: generic, content-related, and alignment-
related. Generic attributes refer to basic properties that apply
across both words and notes, such as token types. Content-
related attributes contain distinct elements describing words
or notes, such as the textual contents of words and the mu-
sical features of notes. Alignment-related attributes include
word and phrase level alignment ids (word ID and phrase
ID), serving as 2D alignment encoding that directly pro-
vide hierarchical alignment information between lyrics and
melodies.

To handle the challenge of lyric-melody harmony model-
ing, we propose a multi-task pre-training framework based
on GLM (Du et al. 2022) that enables the model to cap-
ture multi-scale, multi-dimensional harmony between lyrics
and melodies. We concatenate the word sequence from the
lyrics with the note sequence from the melody, using the
word sequence as a condition. Then, we create hierarchical
blank infilling objectives (n-gram, phrase, and long span)
from the perspective of word, phrase and song, to jointly
pre-train the model by blanking out continuous spans of to-
kens from the note sequence and contextually reconstruct-
ing these spans. Since different n-grams contribute differ-
ently to the lyric-melody harmony, we explore the interac-
tion of lyric and melodic features, including syllable stress,
melodic peak and rhythm skeleton, and introduce two lyric-
melody relationships between them. By incorporating these
relationships into the process of n-gram extraction, we can
select harmonized n-grams that best represent the significant
and repeating patterns in the lyric-melody harmony. Further-
more, we construct a large-scale lyric-melody paired dataset
based on MelodyNet (Wu et al. 2023), that contains more
than 200,000 English song pieces for pre-training and fine-
tuning.

Our contributions are summarized as follows: 1) We pro-
pose SongGLM, a lyric-to-melody generation system that
effectively tackles the challenges of lyric-melody alignment
and harmony modeling. 2) We design 2D alignment encod-
ing through a unified symbolic song representation to ensure
the alignment between generated melodies and correspond-
ing lyrics. 3) We propose a multi-task pre-training frame-
work based on GLM with hierarchical blank infilling objec-
tives (n-gram, phrase, and long span), and incorporate lyric-
melody relationships into the extraction of harmonized n-
grams to improve the harmony between lyrics and melodies.
4) Objective and subjective evaluation results show that
SongGLM can generate high-quality melodies from lyrics
with significant improvements in both alignment and har-
mony, outperforming all the previous baseline methods. This
highlights the effectiveness of 2D alignment encoding and
multi-task pre-training in lyric-to-melody generation.

2 Background
2.1 Lyric-to-Melody Generation
Over the past few years, there have been advancements in
deep learning approaches for lyric-to-melody generation.
Bao et al. (2019), Lee, Fang, and Ma (2019), and Yu, Sri-
vastava, and Canales (2021) adopted end-to-end models to
generate melodies from lyrics. These methods cannot fully
capture the relationships between lyrics and melodies due
to the limited availability of paired lyric-melody dataset. To
address this issue, Ju et al. (2022) divided the generation
process into two stages, lyric-to-template and template-to-
melody, to leverage unpaired data. Lv et al. (2022) proposed
a generation-retrieval pipeline by sharing same key features
between lyrics and melodies. Sheng et al. (2021) trained
lyrics generation and melody generation models separately
with unpaired data and performed attention based alignment
modeling. Zhang et al. (2022) developed an expert system
on Sheng et al. (2021) and Ju et al. (2022) that incorporated
lyric-melody relationships from the music theory to improve
lyric-melody harmony. However, the aforementioned stud-
ies are inadequate in effectively handling the complex and
subtle correlations between lyrics and melodies, particularly
failing to address both alignment modeling and harmony
modeling concurrently. In this paper, we propose SongGLM,
a novel lyric-to-melody generation system with 2D align-
ment encoding and multi-task pre-training to tackle these
challenges.

2.2 Pre-Training Frameworks
Pre-training frameworks have made significant contribu-
tions to the development of automatic music composition.
Early encoder-only frameworks, like BERT (Devlin et al.
2019), adopted multi-layer bidirectional Transformer en-
coders to learn deep bidirectional representations, showing
strong capabilities in music understanding tasks (Wang and
Xia 2021; Zeng et al. 2021). Later decoder-only frame-
works, like GPT (Radford et al. 2018), leveraged multi-
layer unidirectional Transformer decoders to capture rich
context information, which are suited for music genera-
tion tasks (Ens and Pasquier 2020). Encoder-decoder frame-
works, like MASS (Song et al. 2019), integrated encoder
and decoder modules for better understanding and gener-
ating music sequences (Sheng et al. 2021). Recently, more
and more innovative and efficient frameworks (Dong et al.
2019; Raffel et al. 2020; Du et al. 2022; Touvron et al. 2023)
have been proposed and adopted in different downstream
tasks. Among them, GLM (Du et al. 2022), based on a uni-
fied encoder-decoder framework with autoregressive blank
infilling, has shown promising results in music generation
tasks (Wu et al. 2023). In this paper, we exploit the power-
ful capabilities of GLM, and build SongGLM to address the
challenges encountered in lyric-to-melody generation.

3 Method
3.1 System Overview
An overview of SongGLM is shown in Figure 2. Given the
paired lyric-melody dataset, we first establish two relation-
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ships between lyrics and melodies based on their representa-
tive features, and incorporate these relationships into n-gram
extraction to select the most harmonized n-grams. Then,
we introduce a unified symbolic song representation with
2D alignment encoding and adopt a multi-task pre-training
framework that employs hierarchical blank infilling objec-
tives for lyric-to-melody generation. In the following sub-
sections, we describe the details of harmonized n-gram ex-
traction and lyric-to-melody generation.

Harmonized N-gram ExtractionLyric-Melody Dataset

Lyric

Melody Features Relationships N-gram Lexicon

Lyric-to-Melody Generation

Multi-Task Pre-Training

Hierarchical Blank Infilling Objectivesconcat
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Figure 2: An overview of SongGLM. It includes two stages:
harmonized n-gram extraction (detailed in Section 3.2) and
lyric-to-melody generation (detailed in Section 3.3).

3.2 Harmonized N-gram Extraction
N-grams are widely used in Music Information Retrieval for
understanding and generating tasks (Zheng, Moh, and Moh
2017; Xiao et al. 2021; Wu et al. 2023). However, exist-
ing n-gram extraction methods (Zeng et al. 2021; Wu et al.
2023) often struggle to effectively capture the harmony be-
tween lyrics and melodies when applied to lyric-to-melody
generation tasks. To address this challenge, we first intro-
duce the three most representative features of lyrics and
melodies, and establish the qualitative relationships between
them based on these features. Then, we propose a novel n-
gram extraction strategy that incorporates these relationships
to select the most harmonized n-grams.

Features
We describe three key features of lyrics and melodies and
the corresponding extraction functions (fw or fn) across
the dimension of word, pitch and time, specifically: sylla-
ble stress, melodic peak, and rhythm skeleton.
Syllable Stress. Syllable stress (Ladefoged, Draper, and
Whitteridge 1958) refers to the emphasis placed on partic-
ular syllables within words. The sequence of syllable stress
represents the rhythmic pattern of lyrics, and plays a crucial
role in lyric-to-melody generation. According to the CMU
Pronouncing Dictionary 1, each syllable stress can be cate-
gorized into three levels on an ordinal scale: Unstressed, Pri-
mary Stress, and Secondary Stress. For the “Syllable Stress”
feature, we define fw as follows:

fw(W ) = [s1, . . . , sy] (1)

1https://speech.cs.cmu.edu/cgi-bin/cmudict

where si ∈ {0, 1, 2} represents the stress level of the ith

syllable in a word, with 0 indicating Unstressed, 1 indicating
Primary Stress, and 2 indicating Secondary Stress.
Melodic Peak. Melodic peaks (Eitan 2016) refer to the
notes with a higher pitch compared to the preceding and
subsequent notes. The sequence of melodic peaks describes
the movement pattern of the melody among high pitches.
For the “Melodic Peak” feature, given the pitch sequence
P = [p1, . . . , pn] of the melody, we define fn.MP for the
ith note as follows:

fn.MP (N) =

{
1, 1 < i < n, pi > pi−1, pi > pi+1

0, otherwise
(2)

Rhythm Skeleton. The rhythm skeleton (Zhang et al. 2023)
represents a set of specific notes that are acoustically more
prominent than others, due to the joint effect of meter and
rhythm on the time dimension. Following (Zhang et al.
2023), we extract metrical accents, agogic accents on met-
rical accents, and agogic accents on syncopations as the
rhythm skeleton. For the “Rhythm Skeleton” feature, given
the rhythm skeleton sequence RS = [N1, . . . , Nz] of the
melody, we define fn.RS for the ith note as follows:

fn.RS(N) =

{
1, Ni ∈ RS

0, Ni /∈ RS
(3)

Primary Stress Secondary Stress Unstressed
Skeleton Note Melodic Peak Normal Note

Somewhere the rainbow way up

(b) A bad case that shows mismatch between syllable stress and musical accent. 

Somewhere over the rainbow way up high.

(a) Original version of the song “Somewhere over the rainbow”.

over high.

Composer

Title

    

Demo2

      

Figure 3: An example of lyric and melodic features, as well
as the relationships between them.

Relationships
Since stressed syllables are often associated with musically
accented notes (Nichols et al. 2009), we reveal the mecha-
nism of interaction between lyric and melodic features and
introduce two relationships.
Syllable Stress and Melodic Peak (SMR). Composers
usually employ melodic peaks to emphasize certain sylla-
bles in songwriting. Specifically, as shown in Figure 3(a), a
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high level of syllable stress tends to occur with the melodic
peak.
Syllable Stress and Rhythm Skeleton (SRR). Rhythm
skeleton is another method by which composers highlight
specific words in a song. For instance, as illustrated in Fig-
ure 3(a), syllables with high stress levels are often associated
with the note in the rhythm skeleton.

The correspondence between syllable stress and melodic
accents can significantly improve the harmony between
lyrics and melodies. On the other hand, if a melodic accent
mismatches with syllable stress (red block in Figure 3(b)), it
may disrupt the natural flow of the song, potentially result-
ing in disharmony that can detract from the overall listening
experience.

Extraction Strategy
To capture the above relationships and ensure harmony be-
tween lyrics and melodies, we propose a novel n-gram ex-
traction strategy. This strategy involves calculating a com-
posite score for each n-gram, which includes both a melodic
score and a lyric-melody relationship score. N-grams with
high composite scores are selected as harmonized n-grams.
The details of this strategy are outlined below.

Given a word sequence W of lyrics, a note sequence
N of melody, and paired feature extraction functions fw
and fn (fn.MP or fn.RS) from lyric-melody relationships,
we denote each word-note feature pair as a joint uni-gram
{(fw(w), fn(Nw)) | w ∈ W,Nw ⊆ N}, where Nw rep-
resents the set of notes corresponding to the single word w.
Subsequently, we extract joint n-grams for n ranging from
2 to 12, comprising lyric n-grams fw(Wn) with n words
and melodic n-grams fn(NWn). Furthermore, we compute
t-statistic scores st (Xiao et al. 2021) for the lyric and
melodic n-grams separately, sl and sm. Each melodic n-
gram fn(NWn

) is associated with a set of m distinct lyric
n-grams Fw(W

m
n ) = {fw(W 1

n), . . . , fw(W
m
n )} from dif-

ferent joint n-grams. Finally, the score s of a joint n-gram
{(fw(Wn), fn(NWn

)) | Wn ⊆ W,NWn
⊆ N} consists of

two parts (the melodic n-gram t-statistic score sm and the
lyric-melody relationship score slm), which is defined as:

s = sm + slm (4)

sl = st(fw(Wn)) (5)

sm = st(fn(NWn)) (6)

slm = C(Fw(W
m
n )) · 1

m

m∑
i=1

sil (7)

C(Fw(W
m
n )) =

{
1, m = 1

1−H ′(Fw(W
m
n )), m > 1

(8)

H ′(Fw(W
m
n )) =

−∑m
i=1 p(W

i
n) log p(W

i
n)

logm
(9)

where p represents the occurrence probability of a given
lyric n-gram among all corresponded lyric n-grams to the

melodic n-gram, C represents the concentration of the lyric
n-gram set associated with the melodic n-gram, derived from
the normalized entropy H ′. The higher the concentration
C, the better the joint n-gram represents a significant and
repeating pattern in the lyric-melody relationship, thereby
more effectively influencing the harmony between lyrics and
melodies. Based on their scores, we select the top 25% of
joint n-grams as harmonized n-grams to construct the final
n-gram lexicon for word-level sampling in lyric-to-melody
generation.

3.3 Lyric-to-Melody Generation

On top of the above extracted harmonized n-grams, we
build SongGLM upon GLM (Du et al. 2022) with a single
Transformer-based encoder-decoder framework for lyric-to-
melody generation, as shown in Figure 4. In the pre-training
stage, we adopt a multi-task pre-training framework with hi-
erarchical blank infilling objectives. In the fine-tuning and
inference stage, we utilize causal language modeling to pre-
dict the next note sequentially from left to right.

Unified Symbolic Song Representation
Inspired by OctupleMIDI (Zeng et al. 2021), we design
a unified symbolic song representation for lyric-to-melody
generation that allows the model to learn the lyric-melody
alignment in an efficient and direct way. It consists of three
different types of tokens: Word, Note and Special, each con-
taining three sets of attributes: content-related, alignment-
related, and generic. We consolidate the attributes into a sin-
gle compound token to reduce the sequence length.

For Word and Note tokens, we assign the same alignment-
related and generic attributes but different content-related
attributes. Specifically, alignment-related attributes include
two alignment ids, as shown in Figure 4(a). The first align-
ment id represents word-level alignment, called Word ID.
For each Word token, it denotes the position in the word se-
quence, starting from 0 to the total length - 1. For each Note
token, it equals to the Word ID of the word corresponding
to the note. The second alignment id represents phrase-level
alignment, named Phrase ID. For both tokens, the Phrase
IDs refer to the musical phrase to which they belong. The
above two alignment ids are encoded into embedding vec-
tors, serving as 2D alignment encoding to guarantee the
hierarchical alignments between words and notes. Generic
attributes include token types, which enhance the model’s
capacity to differentiate between Word and Note. And for
content-related attributes, Note tokens comprise five musi-
cal elements: bar, position, pitch, duration, and tempo, while
Word tokens contain the text of the word. We only select
words that are included in the CMU Pronouncing Dictionary
and sorted them according to their frequency of occurrence
in the lyrics. To facilitate computational modeling, we set
content-related attributes of the Word token to None in the
Note token, and vice versa.

For Special tokens, we adopt five special delimiter sym-
bols: <BOS>, <EOS>, <MASK>, <PAD>, and <SEP>.
Similar to the Word and Note tokens, every Special token
contains all attributes, each bearing the same value as itself.
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Figure 4: Illustration of our proposed SongGLM. In the harmonized n-gram extraction stage (top), we construct two lyric-
melody relationships based on their features, and incorporate these relationships into n-gram extraction to select the top 25%
as harmonized n-grams. In the lyric-to-melody generation stage (bottom), we leverage the extracted n-grams and propose
three hierarchical blank infilling objectives for multi-task pre-training. We adopt casual language modeling for fine-tuning and
inference. (a) Unified song representation for both lyrics and melodies. (b) Self-attention mask in the unified transformer.

Multi-Task Pre-Training
Multi-task pre-training has been shown to enhance model’s
performance in a variety of tasks (Sun et al. 2021; Wu et al.
2023). Meanwhile, autoregressive blank infilling is an ef-
fective pre-training approach for language models (Du et al.
2022; Wu et al. 2023). Following their success, we imple-
ment a multi-task pre-training framework with hierarchical
autoregressive blank infilling objectives in SongGLM.

Autoregressive blank infilling involves blanking out con-
tinuous spans of tokens from the input sequence and con-
textually reconstructing these spans during model training.
Given an input sequence S = [W1, . . . ,Wm, N1, . . . , Nn],
multiple token spans s = {s1, . . . , sk} are sampled from
the note sequence N . Each span si corresponds to a series
of consecutive tokens [si,1, . . . , si,li ] in N , and is replaced
with a single special token <MASK>, forming a corrupted
token sequence Scorrupt. The model is trained to predict the
missing tokens within the spans from the corrupted token
sequence in an autoregressive way, with access to the cor-
rupted token sequence and previously predicted spans.

We construct three hierarchical autoregressive blank in-
filling objectives for pre-training to capture the multi-scale,
multi-dimensional harmony between lyrics and melodies.
Word-Level. Based on the extracted n-gram lexicon, we
randomly sample two types of harmonized n-grams from
the note sequence with the Maximum Matching Algorithm
(Xiao et al. 2021). The total length of sampled n-grams con-
stitutes 15% of the note sequence. We replace each sampled
n-gram with 1) the <MASK> token 80% of the time, 2) a
random n-gram 10% of the time, and 3) the original n-gram
10% of the time. These objectives aims to capture word-note

level harmony between lyrics and melodies.
Phrase-Level. Multiple musical phrases are sampled from
the note sequence, with the total length accounting for 50%
of the original note sequence length. We consider both lyric
and melodic information for musical phrase boundary recog-
nition. This objective aims to capture lyric-phrase level har-
mony between lyrics and melodies, as well as to ensure the
coherence of melodic contexts.
Song-Level. We sample a single long span that covers 50%
of the original note tokens. This objective aims to improve
the overall harmony between lyrics and melodies, and en-
hance the model’s ability of melodic structure modeling.

Sequence Modeling
Pre-Training. In the pre-training stage, the input sequence
S contains three parts: Part A is the word sequence W ,
Part B is the corrupted note sequence, and Part C consists
of the masked spans with each separated by a <SEP> to-
ken. Tokens in Part A & Part B form the corrupted sequence
Scorrupt, and can attend to each other. Part C tokens can
only attend to preceding tokens, and tokens in Part A & Part
B. Figure 4(b) illustrates how attention weight is modified
through the self-attention mask to control the token’s at-
tention. With this mechanism, our unified model effectively
learns a bidirectional encoder for Part A & Part B, and a
unidirectional decoder for Part C.
Fine-Tuning and Inference. In the fine-tuning and infer-
ence stage, we employ causal language modeling. The in-
put sequence begins with the word sequence (Part A) and
a <BOS> token (indicating the start of the note sequence),
and the model predicts the next token in an autoregressive
manner until it generates an <EOS> token.
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4 Experiments
4.1 Lyric-Melody Dataset
A large-scale paired dataset is critical for lyric-to-melody
generation models to capture lyric-melody correlations and
attain superior performance. However, the current largest
paired dataset (Yu, Srivastava, and Canales 2021) only con-
tains 12,197 MIDI songs and lacks one-to-multiple align-
ment. In this paper, we acquire approximately 1.6 million
raw MIDI data from MelodyNet (Wu et al. 2023), and con-
struct a large-scale lyric-melody paired dataset with varied
word-note alignments, including both one-to-one and one-
to-multiple alignments.

To obtain high-quality MIDI song pieces from the raw
MIDI data, we perform data processing in four phases: lyric
processing phase, melody processing phase, lyric-melody
combined processing phase, and de-duplication phase. After
data processing, the final dataset contains 206,884 English
MIDI song pieces with 4,921.79 hours of melodies in to-
tal. We extract LMD-full dataset and Reddit-sourced dataset
from the processed dataset, with a total of 8,195 pieces, for
fine-tuning and use the remaining part for pre-training.

4.2 Model Configuration
SongGLM uses a single Transformer (Vaswani et al. 2017)
as the basic model structure, and is pre-trained in two ver-
sions: 1) SongGLMsmall on the small-scale dataset, con-
taining 40,000 songs randomly selected from the full pre-
training dataset, which aims to compare with baseline mod-
els that are also pre-trained on the small-scale dataset; 2)
SongGLMbase on the full pre-training dataset, for demon-
strating the best capability of SongGLM and presenting
the state-of-the-art results. We adopt our proposed multi-
task pre-training framework for both SongGLMsmall and
SongGLMbase.

4.3 Evaluation Metrics
In this subsection, we briefly introduce the objective and
subjective metrics used to evaluate the performance of Song-
GLM for lyric-to-melody generation.
Objective Metrics. We consider four widely used objec-
tive metrics (Sheng et al. 2021; Ju et al. 2022; Zhang et al.
2022) to evaluate lyric-melody harmony by measuring the
similarity between generated and ground-truth melodies, in
terms of pitch (DP ), duration (DD), IOI (DIOI ) (Yang and
Lerch 2020), and the overall melody sequence (MD). Be-
sides, we propose alignment distribution similarity (DA) to
measure the consistency of word-note alignments across the
generated and ground-truth melodies. To reduce the effects
of stochastic sampling, we conduct each experiment on the
test set 10 times.
Subjective Metrics. For subjective evaluation, we con-
duct a human listening test and compare SongGLMsmall
with the original and ReLyMe-equipped SongMASS and
TeleMelody. We apply each model to generate 15 samples
randomly and invite 10 participants, where 6 of them can
understand basic music theory, to evaluate these samples.
Specifically, we require all participants to score each sample
using a ten-point scale (1 for lowest and 10 for highest) from

two aspects: 1) the quality of the generated melody; 2) the
quality of the overall sample, considering both the melody
and corresponding lyrics. We utilize ACE Studio 2 to synthe-
size the singing voice from lyrics and melodies, and provide
participants with the lyrics, melodies and singing voice.

4.4 Main Results
To verify the effectiveness of SongGLM in the align-
ment and harmony between lyrics and melody, we compare
SongGLMsmall to the original and ReLyMe-equipped Song-
MASS and TeleMelody with same system configurations.
The objective results are shown in Table 1. It is evident
that SongGLMsmall significantly surpasses the baseline mod-
els across all objective metrics. Specifically, DA indicates
that SongGLMsmall outperforms in lyric-melody alignment,
while DP , DD, DIOI and MD suggest that SongGLMsmall
is the most capable of ensuring the harmony between lyrics
and melodies. Table 2 shows the subjective results, from
which we can see that for melody itself, SongGLMsmall
can generate diverse and consistent melodies. For the over-
all song, SongGLMsmall not only ensures the rhythmic and
structural consistency between lyrics and melody, but also
achieves the best results in singability and overall perfor-
mance. Besides, SongGLMbase achieves better results with a
larger model and pre-training dataset in both objective and
subjective evaluations, showing the scalability and capabil-
ity of SongGLM.

4.5 Method Analysis
In this subsection, we analyze the effects of the designed 2D
alignment encoding, lyric-melody relationships, and multi-
task pre-training by conducting experiments on the follow-
ing nine settings of SongGLMsmall with same configurations.
Table 1 presents the overall objective results of these set-
tings.

• Scratch: train from scratch on the full dataset, without
pre-training nor 2D alignment encoding.

• CLM: pre-train using casual language modeling (CLM).
• CLM – 2D Alignment Encoding: pre-train using CLM,

without 2D alignment encoding.
• Random: pre-train using a random span sampling strat-

egy (Joshi et al. 2020).
• Harmonized N-gram: pre-train using our proposed har-

monized n-gram sampling strategy.
• Harmonized N-gram – SMR: pre-train using our pro-

posed harmonized n-gram sampling strategy, without
syllable stress and melodic peak relationship (SMR).

• Harmonized N-gram – SRR: pre-train using our pro-
posed harmonized n-gram sampling strategy, without
syllable stress and rhythm skeleton relationship (SRR).

• Phrase: pre-train using a random phrase sampling strat-
egy.

• Long: pre-train using a single long span sampling strat-
egy (Du et al. 2022).

2https://www.acestudio.ai
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Model Alignment Harmony

DA(%) ↑ DP (%) ↑ DD(%) ↑ DIOI(%) ↑ MD ↓
SongMASS - 87.25 ± 1.39 75.79 ± 1.23 81.94 ± 2.02 8.48 ± 0.75
TeleMelody - 89.62 ± 1.12 84.55 ± 1.52 79.38 ± 0.88 6.36 ± 0.89
ReLyMe (in SongMASS) - 90.25 ± 0.80 84.65 ± 0.93 86.69 ± 1.04 6.98 ± 0.80
ReLyMe (in TeleMelody) - 92.19 ± 0.72 87.52 ± 1.02 84.80 ± 1.17 5.90 ± 0.88

SongGLMsmall 94.32 ± 0.64 96.48 ± 0.94 95.34 ± 0.99 93.44 ± 0.72 4.17 ± 0.21
SongGLMbase 96.83 ± 0.59 96.50 ± 0.71 96.48 ± 0.97 94.10 ± 0.93 3.85 ± 0.30

Scratch 84.15 ± 0.69 88.61 ± 0.83 86.97 ± 1.09 82.91 ± 1.03 6.29 ± 0.84
CLM 90.20 ± 0.66 91.90 ± 0.68 90.69 ± 1.04 88.09 ± 0.99 4.95 ± 0.32
– 2D Alignment Encoding 83.57 ± 0.89 92.12 ± 0.84 87.40 ± 1.02 84.61 ± 1.11 5.67 ± 0.60

Random 93.87 ± 0.68 92.84 ± 0.65 92.06 ± 1.11 89.07 ± 1.21 4.68 ± 0.52
Harmonized N-gram 93.74 ± 0.51 94.11 ± 0.67 93.65 ± 1.09 91.88 ± 1.05 4.40 ± 0.48
– SMR 93.67 ± 0.60 91.77 ± 0.78 92.98 ± 1.06 91.13 ± 1.03 4.79 ± 0.41
– SRR 93.54 ± 0.59 93.93 ± 0.68 90.81 ± 1.03 89.04 ± 1.10 4.86 ± 0.45

Phrase 92.95 ± 0.58 94.09 ± 0.66 93.71 ± 1.21 91.72 ± 1.17 4.66 ± 0.25
Long 93.54 ± 0.67 94.24 ± 0.63 93.67 ± 1.06 91.68 ± 1.10 4.60 ± 0.49

Table 1: Objective results of SongGLM with different settings and baseline systems (Mean ± SD). SMR refers to syllable stress
and melodic peak relationship, and SRR refers to syllable stress and rhythm skeleton relationship.

Model Melody Melody + Lyrics

Richness Consistency Listenability Rhythmicity Structure Singability Overall

SongMASS 6.10 ± 0.39 6.03 ± 0.36 5.91 ± 0.40 5.76 ± 0.39 5.78 ± 0.28 5.68 ± 0.38 5.77 ± 0.32
TeleMelody 6.54 ± 0.36 6.38 ± 0.35 6.39 ± 0.42 6.33 ± 0.42 6.26 ± 0.38 6.38 ± 0.42 6.45 ± 0.28
ReLyMe (in SongMASS) 6.57 ± 0.38 6.33 ± 0.38 6.39 ± 0.38 6.46 ± 0.44 6.41 ± 0.34 6.39 ± 0.45 6.51 ± 0.37
ReLyMe (in TeleMelody) 7.12 ± 0.30 7.01 ± 0.36 7.06 ± 0.36 6.91 ± 0.30 6.93 ± 0.27 6.81 ± 0.35 6.95 ± 0.31

SongGLMsmall 7.28 ± 0.32 7.47 ± 0.29 7.41 ± 0.41 7.48 ± 0.33 7.63 ± 0.27 7.57 ± 0.47 7.60 ± 0.37
SongGLMbase 7.54 ± 0.28 7.78 ± 0.38 7.74 ± 0.34 7.66 ± 0.25 7.75 ± 0.28 7.83 ± 0.39 7.79 ± 0.31

Table 2: Subjective results of SongGLM and baseline systems. Each score is calculated with 95% confidence intervals.

Effectiveness of 2D Alignment Encoding. To verify the
effectiveness of 2D alignment encoding, we compare the
performance of CLM-based SongGLMsmall with and without
2D alignment encoding. For settings without 2D alignment
encoding, we assign notes to each word in lyrics, ensuring
that the number of notes for each word equals to the number
of vowels in the word. As shown in Table 1, our proposed
2D alignment encoding achieve much better scores on DA,
due to its excellent ability to directly capture the alignment
between lyrics and melodies.
Effectiveness of Lyric-Melody Relationships. To verify
the contribution of each relationship, we conduct experi-
ments based on the harmonized n-gram setting, excluding
each relationship separately. The results in Table 1 show that
the syllable stress and melodic peak relationship mainly con-
tributes to pitch harmony (DP ) between lyrics and melodies,
while the syllable stress and rhythm skeleton relationship
plays an important role in rhythm harmony (DIOI and DD).
Effectiveness of Multi-Task Pre-Training. To further ex-
plore the benefits of multi-task pre-training, we compare
it with single-task pre-training: 1) Harmonized N-gram, 2)
Phrase, and 3) Long. The results in Table 1 show that our
proposed multi-task pre-training method achieves the high-
est performance among all settings, demonstrating its excel-

lent modeling performance on lyric-to-melody generation.

5 Conclusion
In this paper, we propose SongGLM, a lyric-to-melody gen-
eration system that leverages 2D alignment encoding and
multi-task pre-training to ensure the alignment and har-
mony between lyrics and melodies. We introduce a uni-
fied symbolic song representation for lyrics and melodies
that contains generic, content-related, and alignment-related
attributes, and 2D alignment encoding to capture accurate
alignments between lyrics and melodies. We design a multi-
task pre-training framework with hierarchical blank infill-
ing objectives (n-gram, phrase, and long span), and inte-
grate lyric-melody relationships into the extraction of har-
monized n-grams to guarantee the harmony between lyrics
and melodies. Both objective and subjective results indi-
cate that our proposed SongGLM can generate high-quality
melodies from lyrics with remarkable lyric-melody align-
ment and harmony. Furthermore, method analysis shows
the effectiveness of the detailed designs in SongGLM. In
the future, we plan to extend our research to include more
languages, such as Chinese, and explore the application of
SongGLM to other automatic music composition tasks, such
as text-to-music generation and video-to-music generation.
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