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Abstract. AI tools can now write a piece of music for a target emotion, but the sound by
itself does not always make that emotion clear to a listener. We built a system called Can
You See Music that plays AI-generated music and, at the same time, draws a simple hand-
drawn animation that moves with the sound. We asked two questions. First, does adding the
drawing make the emotion feel stronger or more enjoyable? Second, which emotions does
the system show well, and which ones does it show poorly? We ran a within-subjects study
with 12 high-school students. Each student rated six emotion clips in two conditions: music
only, and music with the drawing. Adding the drawing raised the average intensity rating by
a small amount, from 4.32 to 4.51 on a 7-point scale, but this difference was not statistically
reliable (t(11) = 0.83, p = .43, dz = 0.24). Enjoyment did not change (4.28 vs 4.22). When
we measured how well each emotion matched its drawing, calm and sad scored high and
were rated consistently, while fearful scored lowest and split the group: some students felt it
matched very well, and others felt it did not match at all. The open comments agreed with
these numbers. Our study is small and exploratory, but it points to a clear next step. The
drawings for high-energy negative emotions, such as fear and anger, are the weakest part of
the system and should be redesigned first.

Keywords:  Affective Computing, Music and Emotion, Audio Visualization, User Study,
Valence and Arousal

1. Introduction

Music makes people feel things. A slow song can feel sad, and a fast song can feel exciting. Today,
AI tools can take a target emotion and write a new song for it in a few seconds, and people are
starting to use them to make music together [1]. This is useful for games, videos, and apps that want
the right mood on demand. But there is a problem. When you hear an AI song with no other
information, you cannot always tell which emotion it was meant to carry. The same clip might
sound"tense" to one person and "sad" to another.

One way to help is to add something to see, not just something to hear. People often understand a
feeling faster when a picture supports the sound, because the senses are linked in regular ways [2]. A
movie scene feels scarier with the right visuals, even though the music is the same. So we asked a
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simple question: if we show a drawing that moves with an AI song, does the emotion come through
more strongly?

To test this, we built Can You See Music. The system plays a short AI-generated clip for one of
six emotions and draws a hand-drawn animation that reacts to the sound in real time. We then ran a
small study where students rated the clips with and without the drawing.

RQ1. Does adding the hand-drawn visualization make the emotion feel stronger (higher intensity)
and more enjoyable than audio alone?

RQ2. Across the six emotions, which ones does the visualization match well, and which ones
does it match poorly?

This paper makes three small contributions. First, we describe a working system that pairs AI
music with a live hand-drawn visualization. Second, we report an exploratory user study with 12
students that measures intensity, enjoyment, and match. Third, we give a clear and honest picture of
where the system works and where it does not, so that the next version can be improved on purpose
rather than by guessing.

2. Background and related work

2.1. Describing emotion with two numbers

To study emotion, we first need a way to write it down. We use the circumplex model from Russell
[3]. In this model, any feeling can be placed on two axes. Valence says how positive or negative the
feeling is, from sad to happy. Arousal says how calm or energetic it is, from sleepy to excited. For
example, "calm" has positive valence but low arousal, while "angry" has negative valence but high
arousal. Research on music shows that these two numbers do a good job of capturing the emotion of
a song [4]. We chose our six emotions so that they sit in different corners of this space. This lets us
check not just one emotion, but a spread across the whole map.

2.2. Music and emotion

Researchers have long shown that music carries emotion through features such as tempo, key, and
loudness [5]. Fast and loud often reads as high arousal, while slow and soft often reads as low
arousal. AI music tools build on this, but they hide the controls. The user asks for a mood and gets a
finished song. Our work sits on top of these tools and asks a follow-up question: once the song
exists, can a picture help the listener feel the intended mood?

2.3. Showing sound

Turning sound into pictures is an old idea, from classic music visualizers to modern generative art.
The senses do not connect at random. People match sounds to colors and shapes in regular ways, an
effect known as crossmodal correspondence [2], and many of these music-to-color links are guided
by the emotion in between [6]. Some people even see color when they hear music [7], and color,
music, and feeling line up in lab studies [8]. Children also draw music in surprisingly consistent
ways [9], and recent systems show that a well-planned visualization can carry a song's emotion to a
viewer [10]. Most visualizers aim to look cool. Our goal is different. We want the drawing to support
a specific emotion, not just to react to the beat.
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3. The Can You See Music system

The system has two parts: the music and the drawing.
Music. We used an AI music tool to generate one short clip for each of six target emotions:

happy, sad, calm, excited, angry, and fearful. Each emotion was given a target point in valence-
arousal space before generation, shown in Table 1. The clips were kept short so that a student could
rate many of them in one sitting.

Drawing. While a clip plays, the system runs a live visualizer. It reads the audio signal, measures
features such as loudness and frequency content using a Fast Fourier Transform, and uses those
features to drive a hand-drawn animation on screen. Louder and busier parts of the song make the
drawing move more, and the color and shapes are chosen to fit the target emotion. The drawing is
redrawn many times per second so that it stays in time with the music. We chose a rough, hand-
drawn look on purpose, because a sketch can feel more human and less like a machine readout, and
rough sketches are a known way to keep a design feeling open and friendly [11].

Figure 1. The Can You See Music system running the "happy" clip

The Emotion Fingerprint panel (top left) plots the intended, detected, and perceived emotion in
valence-arousal space, while the live hand-drawn visualization reacts to the audio.

Table 1. The six emotions and their target valence (V) and arousal (A) values, from −1 to +1

Emotion Valence Arousal Short description

Happy +0.7 +0.5 Positive, fairly energetic
Excited +0.6 +0.9 Positive, very energetic
Calm +0.5 −0.7 Positive, low energy
Sad −0.6 −0.5 Negative, low energy

Angry −0.7 +0.8 Negative, high energy
Fearful −0.8 +0.6 Negative, high energy
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4. Method

4.1. Design

We used a within-subjects design with two independent variables, following standard practice for
user studies in human-computer interaction [12]. The first variable was condition: A, music only,
and B, music plus the drawing. The second was emotion, with six levels. Each student saw both
conditions, so every person acted as their own comparison. To control for order effects, we split the
trials into two blocks, one all-A and one all-B, and we balanced the starting block across students.
Six students started with A then B, and six started with B then A.

4.2. Participants

Twelve high-school students took part (mean age 15.1 years, range 15 to 16). Six reported as male,
four as female, one preferred not to say, and one did not report gender. For music background, three
had formal training, seven had some experience, and two had none. Participants were recruited by
convenience from our classmates and friends, and all gave consent before starting.

4.3. Materials and measures

The materials were the six AI clips and the visualizer, run in a web browser. After each clip, students
answered short questions on a 7-point scale. Intensity asked how strong the emotion felt (1 = very
weak, 7 = very strong). Enjoyment asked how much they enjoyed the experience. In condition B
only, match asked how well the drawing fit the music, because this question only makes sense when
there is a drawing to judge. At the end, students answered three open questions about the most
memorable clip, the least matching clip, and any suggestions.

4.4. Procedure

Each session ran on one device and took about ten minutes. A student first read the consent screen
and filled in age, gender, and music background. They then completed the first block of six trials,
one per emotion, rating each clip right after hearing or seeing it. They completed the second block in
the other condition, and finished with the open questions. The median time spent on a single trial
was about 23 seconds.

4.5. Analysis

We collected 144 trials in total, 12 students by 12 trials each. We first computed descriptive
statistics, the mean (M) and standard deviation (SD), for each condition and emotion. For RQ1 we
ran paired t-tests comparing A and B on intensity (H1) and enjoyment (H2), and we report the effect
size Cohen's dz next to each p-value. For RQ2 we compared match scores across the six emotions
with a repeated-measures ANOVA (H3). Because our sample is small, we treat all tests as
exploratory and we read effect sizes and patterns, not just p-values.
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5. Results

5.1. Data preparation

No participants were removed. One file was saved in Apple Numbers format and was converted to
CSV before merging. Two students happened to enter the same ID, "P07"; we kept them as two
separate people because their timestamps and answers differed. We checked for careless answering,
such as giving the same score to everything, and found none. Most scores sat between 4 and 5.5 on
the 7-point scale, so the scale was not hitting its ceiling or floor.

5.2. H1: does the drawing make the emotion stronger

Adding the drawing raised average intensity from M = 4.32 (SD = 0.65) in condition A to M = 4.51
(SD = 0.84) in condition B, a difference of +0.19. This change was in the predicted direction but was
not statistically reliable, t(11) = 0.83, p = .43, dz = 0.24. Looking person by person, six students
went up and six went down, so the average rise came mostly from two students who responded
strongly to the drawings.

5.3. H2: does the drawing make it more enjoyable

Enjoyment did not change. It was M = 4.28 (SD = 0.73) for music only and M = 4.22 (SD = 0.78)
for music plus drawing, a difference of −0.06, t(11) = −0.33, p = .75, dz = −0.09. This is a clear null
result. The drawing may make the feeling slightly stronger, but it did not make the experience more
pleasant.

5.4. H3: which emotions match best

Table 2 shows the average match score for each emotion in condition B, from highest to lowest. Sad
scored highest and was the most consistent. Fearful scored lowest, and more importantly it had by
far the largest spread (SD = 2.21). Its twelve ratings were 7, 6, 6, 2, 7, 7, 3, 5, 2, 6, 6, 1. Half the
group felt the fearful drawing fit very well, and the other half felt it did not fit at all. A repeated-
measures ANOVA across the six emotions was not significant, F(5, 55) = 0.74, p = .60, ηp2 = .06,
which means the average scores were similar. The real story is not in the averages but in the spread:
calm and sad were a steady success, while fearful was an average that hides a deep disagreement.

Table 2. Match scores by emotion (condition B only), 7-point scale, N = 12

Emotion Mean match SD Pattern
Sad 5.75 0.87 High and consistent

Happy 5.50 1.38 High
Calm 5.08 1.44 Solid

Excited 5.00 1.60 Mixed
Angry 5.00 1.35 Mixed
Fearful 4.83 2.21 Split in two
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5.5. What students said

The open comments matched the numbers. Several students pointed to the high-energy clips as the
weak spots, which is exactly where the match scores were lowest or most divided.

"The very intense song had a lot of fire shooting out. On its own it gave me a feeling of rescue
and tension, like a chase."

P01, on the least matching clip
"The clip with the eyes and the low humming music felt mismatched."
P06, on the least matching clip
"The sad songs felt the strongest. The energetic song with the firework pieces was the least

matching."
P07
Two students gave the system a direction to improve in. P021691 wanted"more sad songs,"the

emotion that already worked best, and noted that one angry clip"had nothing angry"in it. P60 felt the
strongest clips came from the strongest target emotions and suggested the drawings"can be made for
stronger impacts."

6. Discussion

This section takes the numbers from Section 5 and says what they mean. We answer each research
question in turn, then we step back and talk about what the results say for AI music in general, and
what we would change in the design.

6.1. RQ1: does the drawing help

The short answer is "a little, and only in one way." Adding the drawing pushed the felt intensity up
by a small amount, but the change was not reliable in our sample, and enjoyment did not move at
all. So the drawing may make the emotion feel a bit more present, but it does not make the
experience more fun.

The small rise in intensity fits the idea that the senses support each other. Because sound and
image are linked in regular ways [2], and because color and music meet through emotion [6], a
matching picture can add a second channel that points at the same feeling. That is the direction our
intensity result took, even if it was weak. The flat enjoyment score is also worth a closer look. Past
work on adding sound to a task found a gap between what people expect to help and what actually
helps [13]. We may be seeing the same gap. A drawing feels like it should make things nicer, but it
does not always do so. One simple reason is that strong is not the same as pleasant. A scary or angry
drawing can pull you in without being nice to look at, so intensity can go up while enjoyment stays
flat.

6.2. RQ2: which emotions work

The clearest result is about the type of emotion, not its average score. Low-arousal feelings, calm
and sad, were matched well and almost everyone agreed. High-arousal negative feelings, angry and
fearful, were the weakest, and fearful split the group in two. So the system is good at quiet emotions
and shaky at loud, dark ones.

This pattern matches what the music research would predict. Quiet, low-arousal music tends to
have clear and steady cues, such as a slow tempo and a soft sound [5], and these are easier to turn
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into a steady picture. The valence and arousal model also captures these emotions well [4]. The split
on fearful is the key design signal. Earlier work shows that people can share consistent links
between music and images [9], and that a planned visualization can carry emotion across senses
[10]. Our fearful drawing did not reach that shared reading. When half the group rates a match a 6 or
7 and the other half rates it a 1 or 2, the drawing is most likely leaning on one specific image, like
fire or eyes, that some people connect to fear and others do not. The fix is not to make it stronger,
but to make it more shared.

6.3. What this means for AI music

Our study sits on top of AI-generated music, so it is worth asking what the results say about that
tool. AI music is now easy to make and is even used as a way for people to create together [1]. But a
generated clip carries a target emotion that the listener cannot see. The label lives in the prompt, not
in the sound. Our weakest cases show this clearly. One trained participant said an "angry" clip "had
nothing angry" in it, which means the AI's intended emotion and the listener's reading did not match.
This is the gap our visualization is trying to close.

There is a second point about AI and how people judge it. Research shows that just knowing
something is "AI-made" can shift how people rate it, apart from the content itself [14]. In our study
the music was AI-made for every clip and every condition, so this bias was held constant and cannot
explain the differences we found between emotions. But it is a reason to be careful in future work,
and a reason to give AI music some extra support, like a matching picture, so its intended emotion
can be read more directly. In short, AI can produce the sound quickly, but making the intended
emotion clear to a human is a separate problem, and that is the problem our system targets.

6.4. Design implications

Good design comes from matching the system to how people actually read it [15], and from treating
each result as feedback for the next version [16]. Read this way, our data gives a clear to-do list. The
quiet emotions are working and should be left alone. The loud, negative emotions need new
drawings that more people can agree on. Because the problem is disagreement and not weakness, the
next version should test drawings on several people before shipping, and keep the ones where the
spread is small.

7. Limitation

• Small, narrow sample. We had only 12 students, almost all age 15, recruited by convenience. The
results may not hold for other ages or groups.

• Exploratory tests. With this few people, our tests have low power. A small but real effect can
easily miss significance, so we read effects and patterns, not p-values alone.

• Single session and few clips. Each emotion had one clip, so a "weak" emotion might reflect that
one clip, not the emotion in general.

• Intensity is not one thing. "Strong" and "enjoyable" may be different feelings that our questions
did not fully separate.

8. Future work

• Redesign the hardest emotions first. Fearful and angry are the weakest and least agreed-upon, so
they should be the first to be redrawn and retested.
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• Run a larger study. Our intensity effect was small (dz = 0.24). A future study with roughly 40 or
more people could test whether that small rise is real.

• Separate engagement from enjoyment. We would ask about "how pulled in did you feel" and
"how much did you like it" as two questions, since H2 suggests they come apart.

• Use more than one clip per emotion so that the result describes the emotion, not a single song.

9. Conclusion

We built a system that pairs AI-generated music with a live hand-drawn visualization, and we tested
it with 12 students. Adding the drawing raised the felt intensity of the emotion by a small, non-
significant amount and did not change enjoyment. The drawing worked best for quiet emotions like
calm and sad, and worst for loud, negative emotions like fearful, where students disagreed sharply
about whether it fit. The study is small and the findings are exploratory, but they are honest and they
point somewhere useful. To make the system better, the next step is not to add more features, but to
fix the few drawings that are clearly failing.
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