
Emotion-Controlled Symbolic Music Generation via Prompt Tuning with
Structured Constraints

Anonymous ACL submission

Abstract001

Controlling emotional expressions while creat-002
ing symbolic music is still considered an huge003
problem. Most of the current methods have gen-004
erated music of limited lengths or do not pro-005
vide precise control over the generated piece’s006
emotion. In the following text, we propose a hy-007
brid approach that utilizes prompt tuning with008
a structured music generation process. To do009
this, we have trained prompt embeddings using010
a pre-trained SkyTNT model, keeping all base011
parameters frozen. We then use these learned012
prompt embeddings to generate music while013
using various constraints, increasing the music014
length from approximately 32 seconds to 148015
seconds per piece. Our experiments, conducted016
using three different music pieces (sad, happy,017
and calm), have shown significant differentia-018
tion between each of them. Happy music had019
a note density of 12.0 notes per second, sad020
music had a note density of 5.21 notes per sec-021
ond, and calm music had a note density of 7.81022
notes per second. We propose this work as a023
parameter-efficient prompt tuning application,024
which is currently gaining popularity in the025
natural language processing community, and026
discuss its benefits, as well as its limitations.027

1 Introduction028

In recent years, transformer models have become029

much better at producing symbolic music. They030

have become able to produce longer and more031

coherent music compared to previous RNN mod-032

els. However, controlling what is produced by the033

models, especially the emotional qualities, is ex-034

tremely difficult. When it comes to text generation,035

a prompt can be given to the model to generate text036

in a certain style or about a certain topic. However,037

in the case of music, the emotional qualities are038

based on the combined effect of tempo, harmony,039

melody, and rhythm.040

The most common ways to perform controlled041

music generation are to train a new model from042

scratch with conditioning or to fine-tune an entire 043

pre-trained model. Both are costly, and the latter 044

risks catastrophic forgetting of the musical struc- 045

ture that the model was pre-trained on. Addition- 046

ally, most systems are limited to producing short 047

music, less than 30 seconds long. 048

We use a different approach. Our method utilizes 049

prompt tuning (Lester et al., 2021), a parameter- 050

efficient technique developed within NLP, to learn 051

emotion-specific representations on labeled MIDI 052

data. Specifically, we fine-tune 12 prompt tokens 053

for each emotion type (sad, happy, calm) on top 054

of SkyTNT (Radford et al., 2019), a GPT-2 vari- 055

ant pre-trained on MIDI data. This only required 056

36,864 trainable parameters, which is only a small 057

part of the millions of parameters in SkyTNT. The 058

learned prompt is then used to inform a structured 059

generation layer, which used constraints on scales, 060

chord progressions, and rhythmic patterns to gener- 061

ate multi-track music pieces that can last anywhere 062

from 30 seconds to 2.5 minutes. 063

This work is at the boundary of NLP methodol- 064

ogy and music generation. Prompt tuning is origi- 065

nally a text-based language model technique. We 066

believe the applicabillity of prompt tuning to the 067

music world is an extension worth researching and 068

using. Hence, we hope it is of interest to the NLP 069

community, despite the output domain of music 070

rather than text. 071

In our evaluation, there is clear differentiation 072

in the emotions in the generated output: happy 073

music has a note density of 12.0 notes per second 074

compared to 5.21 for sad and 7.81 for calm, as well 075

as note durations and scales that differ in ways that 076

are consistent with what research on how people 077

perceive emotions in music would suggest (Juslin 078

and Sloboda, 2010). 079
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2 Related Work080

2.1 Symbolic Music Generation081

Many transformer-based architectures have been082

successfully used in symbolic music generation.083

Music Transformer (Huang et al., 2018) was the084

first to use relative position representation into085

music sequences. SkyTNT, which we have used,086

is a GPT-2-based model (Radford et al., 2019),087

pre-trained on a large dataset of MIDI files and088

available online as a community-supported model089

through Hugging Face. It was also available in090

pre-trained form for easy use.091

2.2 Controllable Generation092

Previous work in controlled music generation has093

explored various methods to control the output,094

such as selecting a genre and assigning labels based095

on emotions given by the music. These methods096

usually required a change in the model architec-097

ture or tuning of the entire parameter space, which098

may possibly hurt the model’s music generation099

abilities.100

2.3 Prompt Tuning101

The technique of prompt tuning was first proposed102

by Lester et al. (2021) as a method to fine-tune103

frozen language models by training only a few104

learnable input vectors. This technique is highly105

effective on a variety of text processing tasks while106

using many fewer parameters than fine-tuning. We107

extend this approach to symbolic music by learning108

a few tokens specific to each emotion instead of109

fine-tuning the entire model.110

2.4 Music and Emotion111

Research on how people emotionally respond to112

music has shown that there are significant correla-113

tions between musical characteristics and the emo-114

tions felt by the people who listen to the music115

(Juslin and Sloboda, 2010). For instance, the tempo116

of the music has been shown to have one of the117

highest correlations with the emotions felt by the118

listeners. Faster tempos are associated with posi-119

tive or high-energy emotions, while slower tempos120

are associated with sad or relaxing emotions. Major121

keys are associated with happiness, and minor keys122

are associated with sad emotions. Our generation123

has followed this research.124

3 Method 125

3.1 Base Model: SkyTNT 126

Our base model is SkyTNT, a GPT-2-style trans- 127

former with 12 layers, 16 attention heads, and a 128

hidden dimension of 1024. It was pre-trained on 129

MIDI data and uses a vocabulary of 3,239 tokens 130

representing musical events (note onsets, offsets, 131

time shifts, etc.). The model is available via Hug- 132

ging Face (skytnt/midi-model). We freeze all of 133

its parameters during our training. 134

3.2 Prompt Tuning for Emotion Learning 135

For each emotion e ∈ {sad, happy, calm}, we in- 136

troduce a learnable prompt matrix Pe ∈ Rn×d, 137

where n = 12 tokens and d = 1024 is the hid- 138

den dimension. During training, the prompt is 139

prepended to the input token sequence: 140

h0 = [Pe;E(x)] (1) 141

where E(x) is the token embedding of input se- 142

quence x. 143

We minimize cross-entropy loss over emotion- 144

labeled MIDI sequences while keeping all base 145

model parameters θ frozen: 146

L = −
T∑
i=1

log p(xi | x<i,Pe; θ) (2) 147

The total number of trainable parameters is 3× 148

12× 1024 = 36,864, compared to the millions of 149

parameters in the full model. 150

3.3 Prompt-Guided Structured Generation 151

Then, after the prompts are trained, we use the 152

statistics they have learned on to inform a process 153

of structured generation. The idea is to combine 154

the prompts’ learnings with the explicit constraints 155

of music. 156

We define base parameters for each emotion 157

based on what is known about the ways in which 158

listeners map musical features onto emotions: 159

• Scales: Natural minor for sad, major for 160

happy, pentatonic for calm. 161

• Chord progressions: i-iv-VI-III (sad), I-IV- 162

V-I (happy), I-ii-iii-I (calm). 163

• Base tempo: 65 BPM (sad), 120 BPM 164

(happy), 85 BPM (calm). 165

• Rhythm: Longer note values for sad, shorter 166

for happy, mixed for calm. 167
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The learned prompt embeddings influence gener-168

ation through tempo adjustment. We compute the169

mean activation µp of the prompt embedding and170

scale the base tempo:171

tempofinal = tempobase × (1 + µp × α) (3)172

where α = 0.3. The prompt variance also mod-173

ulates rhythmic complexity: higher variance pro-174

duces more varied rhythm patterns. The structured175

generator then produces 32 and 64 bar pieces with176

melody, chord, and bass tracks. Because tempo177

varies by emotion, piece durations range from178

roughly 32 seconds with happy at 120 BPM to179

roughly 148 seconds of sad at 64 BPM.180

3.4 Multi-Track Generation181

The generator has three tracks: melody, which uses182

step motion 70% of the time, which is motion to183

an adjacent scale degree, 30% of the time it has184

leaps, and sometimes it has octave transpositions;185

chords change every two measures, three-note clus-186

ters in an octave below the melody; bass has alter-187

nating chord roots and fifths, two octaves below188

the melody.189

4 Experiments190

4.1 Dataset191

We use 58 jazz MIDI files that we manually labeled192

by emotion: 12 sad (e.g., “Georgia,” “Days of Wine193

and Roses”), 14 happy (e.g., “Caravan,” “Take the194

A Train”), and 32 calm (e.g., “Autumn Leaves,”195

“Stella by Starlight”). Labels were asigned based196

on the established emotional associations of each197

piece in the jazz literature. The dataset is admit-198

tedly small, which we discuss in the limitations.199

4.2 Training Details200

We train the emotion prompts for 60 epochs with201

AdamW (learning rate 0.0008, weight decay 0.01)202

and gradient clipping at 0.5. Input sequences are203

truncated to 256 tokens. On a single GPU, training204

takes several hours given the small dataset size.205

4.3 Generation206

For each of the three emotions, we create 64-bar207

pieces. Although we also created 32-bar versions208

during development, we only report results for the209

64-bar versions, as one of our objectives is ex-210

tended generation. Because of the different base211

tempos for each of the emotions, the resulting212

lengths are also different: for happy, it is about213

Metric Sad Happy Calm

Note Density (notes per second) 5.21 12.00 7.81
Avg Duration (seconds) 0.81 0.40 0.64
Pitch Range (semitones) 46 46 45
Unique Pitches 26 24 21
Polyphony 4.38 4.93 5.00
Pitch Entropy 4.53 4.40 4.19
Avg Velocity 63.5 64.1 64.4
Velocity Standard Deviation 11.6 11.7 11.6

Table 1: Evaluation metrics for the 64-bar generated
pieces for each emotion.

64 seconds, for calm, it is about 90 seconds, and 214

for sad, it is about 148 seconds. The learned prompt 215

embedding is then used to adjust the base parame- 216

ters before the structured generator is applied. 217

4.4 Evaluation Metrics 218

We try to assess the generated pieces with respect 219

to standard symbolic music metrics, as suggested 220

by recent surveys on evaluating music generation 221

(Ji et al., 2023). We started out trying to use the 222

mgeval toolkit (Dong et al., 2020), but had some 223

compatibility problems with its Python 2 codebase, 224

so we ended up calculating all metrics with the 225

pretty_midi library (Raffel and Ellis, 2014) instead. 226

The metrics we use are: note density (notes per 227

second), pitch range (semitones between highest 228

and lowest pitch), polyphony (average number of 229

notes played at the same time), pitch entropy (a 230

measure of how spread out the pitch decisions are), 231

average note duration, and velocity statistics (mean 232

and standard deviation). 233

5 Results 234

Table 1 shows metrics for each emotion from the 235

64-bar generated pieces. 236

5.1 Emotional Differentiation 237

The first thing to notice is the note density. For 238

happy music, it is 12.0 notes per second, sad music 239

has 5.21 notes per second, while calm music has a 240

note density of 7.81 notes per second. This is what 241

we would expect given their difference in terms of 242

tempo and rhythm, as a faster tempo and smaller 243

note values mean more notes are packed into a 244

given second. However, note duration shows a very 245

different result, as sad music has an average note 246

duration of 0.81 seconds, while happy music has an 247

average note duration of 0.40 seconds, with calm 248

music sitting in between at 0.64 seconds. 249
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Pitch range is very similar between the three250

emotions, at 45-46 semitones, which is what we251

would expect given that all three emotions sit in252

a similar range. However, note that the number253

of unique pitches does differ between each emo-254

tion, as sad music uses 26 pitches, while happy255

music uses 24 pitches, with calm music sitting at256

21 pitches. Sad and happy music used seven-note257

scales while calm music used a five-note pentatonic258

scale. Pitch entropy follows the same pattern.259

Polyphony is around 4.4 to about 5.0 for all three260

emotions, supporting that the chord voicings are261

creating a similar level of chord level for all three262

emotions. The differences between the emotions263

are in timing and melody, but not in the number of264

notes being played at the same time.265

5.2 Consistency Across Lengths266

We have also created 32-bar, which is the medium-267

sized output, versions of all pieces during devel-268

opment. The metrics for the 32-bar and 64-bar269

versions were similar, with standard deviation less270

than 0.05 for all metrics. This says that the gener-271

ation does not get impacted by the issue of worse272

quality when the output gets longer, which is a prob-273

lem that is seen in single-token generation. The274

64-bar versions of the pieces are presented in the275

table from earlier.276

6 Discussion277

The hybrid approach is an effective approach in278

the sense that it creates musically coherent music279

with different characteristics per emotion. How-280

ever, we would like to see what exactly differences281

are between the outputs.282

The majority of the emotional differences in the283

output is a result of the generation parameters, for284

example, the scale that is used, the tempo it is set285

to, and the rhythms that are included. These are286

set by hand according to what we know about how287

humans perceive emotions in music; these parame-288

ters are not learned. The P-tuning aspect does play289

a role in this as well, as it adjusts tempo according290

to what it has learned about prompt statistics. In291

practice, however, this is a small change, usually292

in the range of 0-1 BPM. With a larger training set,293

the prompts could have a greater effect. However,294

with a set of 58 examples, there is only so much295

signal to be learned.296

Of course, the system has a few things that bene-297

fit it. First, the parameter efficiency is real, where298

we are only using 36K parameters compared to full 299

fine-tuning, which uses millions. Second, the use 300

of a structured layer means that we can generate 301

music that is a few minutes long without it com- 302

pletely falling apart, which is hard to create when 303

one is only trying to generate the next word. Fi- 304

nally, it’s all interpretable, meaning a researcher 305

and musician can look at the parameters and see 306

what scale and tempo are being used, and change it 307

based on what they need to change it to. 308

We view this as a decent starting point. The 309

prompt tuning adds a learned component that is not 310

just based on the rules, while the use of a struc- 311

tured layer provides the musical unity that neural 312

generation has difficulty with on a dataset of this 313

size. However, it remains a question whether this 314

type of hybrid approach will be useful as datasets 315

grow in size and generation becomes easier. 316

7 Conclusion 317

We introduced a hybrid method for emotion- 318

controlled symbolic music generation with prompt 319

tuning and a generation based off of a rule that was 320

set. Emotion prompts are learned from a frozen 321

SkyTNT model and used to control parameters in 322

a rule-based music generation component. The 323

model generates music pieces with 30 seconds to 324

2.5 minutes of length on multiple music tracks in 325

MIDI format. Happy music has 2.3 times the den- 326

sity of sad music, while other metrics such as note 327

lengths, pitch, and scale vary consistently amongst 328

emotions. 329

The model can create music pieces of any length 330

without a significant drop in quality. Future work 331

includes testing the model on a larger set of 332

emotion-labeled music, exploring the relationship 333

between learned prompts and music generation, 334

and most importantly, testing the model on human 335

listeners to ensure that the metric differences corre- 336

spond to actual differences in music perception. 337

Limitations 338

We used only 58 labeled MIDI files, which are from 339

the jazz genre. This is a small data set and may 340

affect the prompt tuning performance. If there is a 341

more diverse data set, prompt tuning may perform 342

better and may result in a better output. 343

Furthermore, we use only three basic emotions: 344

sad, happy, and calm. Emotions are more complex 345

and diverse, but we used the three most basic ones. 346

Thus, using more diverse emotions could result in 347
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different outputs.348

The influence of the P-tuning component is also349

small. The tempo can only change by 0-1 BPM.350

The majority of the influence is from the hand-351

designed structured parameters. It is worthy to352

restate this one more time to stress the importance353

of this.354

On top of that, we did not use any human lis-355

tening study. Our evaluation is objective and thus,356

we use only the objective metrics from the MIDI357

output. Note density and note duration relate to358

tempo-related emotions, but we did not test whether359

humans can really hear the emotions. This is the360

most important thing we did not do, and it is the361

most important thing we missed.362

Finally, the generation method that we used is363

less flexible but more coherent. A fully end-to-364

end learning method may discover more ways of365

expressing emotions than our predefined rules can.366
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