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Abstract

Collaborative music agents need internal representations rich enough to support1

both understanding and generation, yet flexible enough for a workflow where the2

human retains agency. We present a hierarchical self-supervised “world model” for3

symbolic music: a 2.55M-parameter Swin V2 encoder trained on MIDI piano-roll4

images with JEPA-style objectives (pitch- and time-shift equivariance, masked5

embedding prediction, and a distributional regularizer), using no labels and no6

music-theory vocabulary. Probing the frozen embeddings shows that the level at7

which a musical property becomes decodable tracks its musical time scale: phrase8

boundaries are read off the coarsest levels, note density and harmonic detail off the9

finest. Temporal and phrase structure emerge from the self-supervised objectives10

alone, while harmonic content must be asked for; a small chord-supervision head11

raises joint chord recovery from .18 to .54, and key detection, which is never12

supervised, from .16 to .70. Following the Representation AutoEncoder paradigm,13

a conditional flow-matching model stands in for a trained decoder, flowing in pixel14

space from PCA-reduced conditioning: it reproduces a target window at pixel F115

0.996, and the same per-level conditioning dropout that controls how far variations16

stray also enables graphical prompting for masked inpainting with no inpainting-17

specific sampler. The pipeline runs on CPU, producing a suggestion in 2.8 s, or 0.618

s on Apple MPS, which we demonstrate in a live interactive demo. In concert with19

an LLM-based brain, these capabilities supply the core of a collaborative music20

creation agent in service of, rather than in place of, human agency.21

1 Paradigm: “An AI Rick Rubin”22

Preserving human agency in the “age of AI” is a widespread concern particularly in the creative23

arts. This paper describes a system built to serve that goal, using small models and human domain24

expertise to offer feedback and suggestions in a collaborative songwriting and production loop. The25

metaphor of an “AI Rick Rubin” captures the approach, after the producer who described his method26

in a 2023 interview with Anderson Cooper:27

Cooper: Do you play instruments?28

Rubin: Barely. . . I have no technical ability. And I know nothing about music.29

Cooper: You must know something.30

Rubin: Well, I know what I like and what I don’t like. And I’m decisive about31

what I like and what I don’t like. . . The confidence that I have in my taste and my32

ability to express what I feel has proven helpful for artists. [32]33
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Figure 1: The Ears/Brain/Mouth workflow for a conversational music co-writing agent. This paper
develops the Ears and Mouth: perceptual representations (Section 3) rich enough to drive controllable
generation of music suggestions (Section 4) without task-specific fine-tuning. The Brain, an expert-
knowledge reasoning layer, is beyond the scope of this paper.

Our system listens carefully to the artist’s musical ideas, processes them according to its own internal34

representations, and responds with verbal feedback and limited (generative) musical suggestions. The35

AI never “does it for” the human: suggestions are left for the human to implement. In short, it’s a36

good verbal articulator, but it “barely” plays any instruments. The structure of the system is illustrated37

in Figure 1; this paper describes essential components of the “ears” and “mouth.” That division of38

labor is deliberate. Large audio-language models vastly underperform on many simple music tasks39

compared to smaller, targeted models [22], a finding that persists in the symbolic domain [39, 16].40

Systems that close the gap do so by attaching domain-specific perception modules to the LLM [37],41

the same role the “ears” play in our system.42

Generative music models implicitly encode musical structure and style [5, 10, 25], but implicit43

encoding is not articulation: a co-writing partner must say what structures are present and what44

changes might improve a composition or arrangement. Machine agents could exchange feedback45

as mathematical signals, e.g. as gradients toward some endpoint, as in classifier guidance [8],46

but a human collaborator cannot act on a gradient. Description and reproduction make different47

demands: representation learning and reconstruction are separate tasks, long regarded as a tradeoff [9].48

Representation autoencoders (RAEs) [40] show the tradeoff is an artifact of compression: their latents49

rearrange the input at nearly its original dimensionality, with reconstruction handled separately rather50

than by the representation objective. The pairing supports discriminative tasks and high-quality51

generation alike. We adopt this paradigm for music, with a conditional flow model standing in for the52

trained decoder: a single encoder, trained with no reconstruction objective and then frozen, serving53

as the ears and conditioning the mouth.54

The internal representations are formed by a joint-embedding predictive architecture (JEPA) [17, 1].55

JEPA has been applied to music before: Stem-JEPA [29] predicted musical stem compatibility56

from audio; Hachana and Rasheed [13] adapted JEPA to tokenized symbolic music with musically57

motivated masking of instruments, pitch classes and octaves, and found the learned representation58

dominated by positional information, which limited transfer to content tasks such as genre and style;59

and, concurrently with this work, Music-JEPA [35] learned an action-conditioned audio world model60

from paired piano audio and performance data, while ARIMA [38] learned windowed latent-predictive61

representations of symbolic music. Unlike these, our approach operates purely on symbolic (MIDI)62

piano-roll images, is trained with a hierarchical, multi-level Swin V2 encoder rather than a single-scale63

backbone, prevents representational collapse via a LeJEPA-style distributional regularizer (SIGReg)64

rather than an EMA teacher, and makes shift structure explicit in the objective rather than leaving it65

to be absorbed by positional encodings. This paper extends our earlier report [15], which details the66

architecture and training objectives; here we focus on the musical and co-creative capabilities, and67

report improvements to the model and the generative pipeline together with an assessment of gains68

from supervised signals and additional datasets.69

To maximize accessibility for GPU-poor musicians (who may also prefer not to send works-in-70

progress to a cloud service) we adopted a fundamental engineering constraint: timely inference on71

CPU-only runtimes, demonstrated by a live demo linked from the upplemental materials.172

1Supplemental Materials: drscotthawley.github.io/midi-rae-jepa-son
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Figure 2: Just as a vision world model pans and tilts a camera to scan a panoramic scene, we take
square crops of MIDI piano-roll images and compare crops translated in time by ∆x time steps
or in pitch by ∆y semitones. Given one crop and a shift vector (∆x,∆y), the model predicts
the embedding of the shifted crop. Regions outside the image are filled with blanks. Our design
requirement of fast CPU execution fixes the crop at 128×128 pixels. Pixels are binary, so note
velocity is discarded, which is acceptable for the songwriting use case. Time is quantized to 32nd
notes on a tempo-normalized grid, the finest grid at which a blank frame can separate two repeated
notes in a binary image, so a crop spans four bars in 4/4, or eight seconds at 120 BPM.
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Figure 3: Our 2.55 million-parameter hierarchical Swin V2 Encoder. Model architecture hyperparam-
eters were selected via ablation studies detailed in the Supplemental Materials.

2 How: A Symbolic Music “World Model”73

“It wasn’t made by people who went to the music conservatory. It was made by kids who felt74

something.” —Rick Rubin, on early hip-hop [32]75

Rather than relying on supervised labels and the vocabulary of music theory, we train a self-supervised76

model that builds its own (hierarchical) representations of music, its own ‘feel’ for musical structure.77

It does this by exploring the “space” of musical compositions, cf. Figure 2. Human musical78

representations are hierarchical: notes, chords, phrases, song structure. Yet labeled data for that79

hierarchy is limited. Chord detectors and song-structure predictors can supply some of it, but we80

want to learn the hierarchy without labels, the way World Models in computer vision [12, 11] build81

semantic representations by predicting embeddings of one view of a scene from another. We do this82

on piano-roll images, partly to take advantage of the Swin V2 transformer [20, 19], a hierarchical83

representation learner already proven on images, and partly because a piano roll is a semantic proxy84

for an audio spectrogram, with perceptually aligned axes. Latents trained for reconstruction accuracy85

rarely become semantically meaningful; they tend instead to resemble spatially downsampled copies86

of the input. Following the RAE paradigm, ours is a latent model with no compression: the latents hold87

nearly as many numbers as the input (16,384 pixels → 16,128 floats), rearranged into a meaningful88

geometry rather than a smaller one.89

Training objective. The encoder is trained with a combined self-supervised objective,

L = λLequiv + (1− λ)LSIGReg + λMEPLMEP + λfactLfact,

applied level-wise. Lequiv is an equivariance loss that pulls together or pushes apart embeddings90

of shifted crop pairs in proportion to the shift magnitude, so the latent space respects pitch/time91

translation structure rather than collapsing to shift-invariance. LSIGReg is LeJEPA’s sketched isotropic92

Gaussian regularization [2], which applies an Epps–Pulley test along random projections to enforce93

an isotropic Gaussian prior, preventing representational collapse. (We also tried VISReg [36], which94
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replaces the Epps–Pulley test with a sliced-Wasserstein distance, and saw no consistent improvement95

in our metrics.) The equivariance and SIGReg losses are applied only at L0–L3: at L4 and L5,96

SIGReg washes out the fine note-level structure those levels carry, and patch-level equivariance is less97

meaningful at those scales. LMEP is an intra- and inter-level masked-embedding-prediction loss in the98

style of I-JEPA [1]: an auxiliary predictor infers an EMA teacher’s embeddings from the student’s full99

context. Lfact is a soft factorization loss which pulls pitch- and time-shift difference vectors toward100

parallel, anti-parallel, or orthogonal geometry depending on augmentation type. It is applied only at101

L0–L2, enforcing equivariance out to larger shifts than Lequiv achieves alone [15]. Full derivations102

and hyperparameters are given in the Supplemental Materials.103

3 Ears: What Does It Actually “Perceive”?104

The “ears” of a full system such as that diagrammed in Figure 1 can partially consist of libraries105

of lightweight audio feature detectors, predicting categories such as genre, instrument type, and106

mood [4], or metrics such as pitch and tempo [24]. In addition, independent detectors for chords,107

keys, phrase boundaries and song structure are available. For songwriting, we are concerned less with108

nuances of performance than with the notes the player intended. Discarding audio detail in favor of a109

structured MIDI representation therefore costs us little. Audio-to-MIDI conversion [3] recovers that110

intent in a compact, semantic form already familiar from many music creators’ workflows, and recent111

improvements [31] have made it reliable enough to build on. We treat it as upstream of this work.112

Our encoder is not meant to replace those small detectors. It learns representations that resist easy113

labeling, its own sense of “feel,” obtained only by exploring the space of musical compositions. To114

gauge what those representations correspond to musically, we turn to standard probes. Each probe115

below trains a small linear (or ridge) model on frozen, per-level embeddings, or measures a geometric116

property of the embedding space directly; none fine-tune the encoder.117

We call the model introduced here MIDI-RAE-JEPA-SON (MRJS), a successor of our earlier118

report’s MIDI-RAE-JEPA [15], which appears in Table 1 as MRJ-48∧ (∆tmax=48, factorization119

loss active), alongside a DINOv2 [26] baseline and a chance column ( ). Unlike MRJ-48∧, whose120

pipeline components were trained against differing train/test splits on a dataset since found to contain121

corruption, MRJS and every downstream component share a single unified split on corrected data.122

That column is therefore historical reference, not a controlled comparison. The table reports each123

probe at the hierarchy level where it scores best, and those levels carry as much information as the124

scores. Phrase boundaries peak at the coarse end (L0–L2) while note density and harmonic content125

peak at the fine end (L4–L5), so the level at which a property becomes decodable tracks the musical126

Table 1: Probing frozen embeddings for musical structure. Each cell reports a model’s best value
across its hierarchy levels (minimum for ↓ metrics), with the winning level in small type and a bar
whose height is proportional to that level’s receptive-field size (L0 tallest); = chance level for that
metric; bold = best model per row; cells are shaded per row with the plasma colormap (yellow =
best). Cross-song: whether same-song embeddings sit closer together than cross-song ones. Time
R2: how well the distance between two embeddings predicts the temporal offset between their crops.
Joint Chord: root and chord quality jointly. Chroma R2: recovery of the local 12-bin pitch-class
distribution. Phrase AP/AUC: linear probe detecting whether a human-annotated phrase boundary
falls within half a bar of a crop’s center, scored as average precision and ROC-AUC.

Metric DINOv2 MRJ-48∧ MRJS +chords +phrases Lakh-1× Lakh-4×

Note Density R2 ↑ n/a .93 L1 .93 L5 .88 L5 .91 L5 .89 L5 .94 L5 .94 L5

Cross-song ↓ n/a .68 L1 .69 L5 .80 L3 .73 L1 .57 L3 .62 L4 .77 L5

Time R2 ↑ n/a .23 L1 .24 L2 .26 L4 .24 L1 .24 L2 .25 L2 .22 L3

Root Note ↑ .08 .24 L0 .25 L5 .24 L5 .59 L2 .22 L5 .22 L5 .26 L5

Joint Chord ↑ .05 .17 L1 .17 L5 .18 L5 .54 L3 .18 L5 .18 L5 .20 L5

Key Detection ↑ .05 .19 L0 .18 L5 .16 L5 .70 L3 .17 L5 .15 L5 .18 L5

Chroma R2 ↑ .00 .36 L1 .54 L4 .65 L5 .83 L4 .75 L5 .76 L5 .61 L5

Phrase AP ↑ .17 .21 L0 .28 L1 .27 L0 .25 L2 .29 L2 .28 L1 .26 L0

Phrase AUC ↑ .50 .57 L0 .61 L2 .61 L0 .58 L0 .62 L0 .61 L1 .61 L0
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time scale on which it operates. Temporal offset is the weakest probe throughout, .22–.26 for every127

model, which is expected: a piano roll is nearly stationary along the time axis, so sliding a crop128

sideways yields more of the same, whereas pitch is absolute and a vertical shift moves material into a129

different register. We read the harmony scores as capacity probes, not as downstream performance;130

small dedicated chord detectors do that job far better. The DINOv2 baseline is instructive: on131

properties that reduce to image statistics it is competitive or better, reaching .93 on note density132

and separating songs more sharply than MRJS, but it falls away on the musically specific probes,133

recovering chroma at .36 against .65 and phrase boundaries at .21 AP against .27.134

To assess the effects of dataset variation and size, we trained encoders on subsets of the Lakh MIDI135

Dataset [28] containing 1× and 4× as many songs as POP909. Both transfer well: on the POP909136

probes they match or exceed MRJS on note density and cross-song separation. At matched training137

budget, however, the 4× subset gave no consistent gain over 1×, and degraded chroma (.76 to .61)138

and cross-song separation (.62 to .77). We also explored adding auxiliary supervised objectives to the139

self-supervised recipe: chord recognition, using POP909’s chord annotations, and phrase-boundary140

prediction, using the human-verified annotations of Dai et al. [7], each applied as a small linear head141

on the coarse levels during training. Chord supervision makes harmonic content linearly decodable142

where it was barely present: root identification rises from .24 to .59, joint chord from .18 to .54, and143

key detection, which was never supervised, from .16 to .70. It also moves the seat of that information144

from L5 (near note-level) to the coarser and more “abstract” L2–L3. The cost is small: phrase AP145

falls from .27 to .25 and temporal offset from .26 to .24, while note density and cross-song separation146

both improve. Phrase supervision helps less, but is not without effect: boundary detection rises only147

slightly (AP .27 to .29, AUC .61 to .62), while cross-song separation improves markedly (.80 to .57).148

Harmonic content, then, has to be asked for; temporal and phrase structure largely emerge from the149

self-supervised objectives alone. Once the inputs are encoded, they can be sent to the “brain” as well150

as used as conditioning signals for the mouth described next.151

4 Mouth: Making Suggestions152

Verbal feedback and lyrical suggestions can be handled by a properly harnessed LLM. Musical153

suggestions benefit from their own generative model conditioned on the idea the user already has,154

as in an inpainting task where we replace a melody or an accompaniment, or suggest a different155

continuation. Hachana and Rasheed [13] anticipate that a reliable JEPA music representation could156

enable generative applications; this section realizes one. Autoregressive transformers generate left157

to right, so filling a hole in the middle of an existing passage is not something they do natively, and158

must be trained for specifically [33]. Diffusion models over piano-roll images, by contrast, support159

inpainting at inference time essentially for free [25, 14], and in a form that admits graphical prompts:160

the user draws on the piano roll where they want new notes, and the model generates notes suiting the161

surrounding material. But the price of this power is inference cost. Diffusion inpainting needs many162

integration steps, and our own earlier system, Pictures of MIDI [14], was large and slow enough163

to require a GPU. That is disqualifying under our design constraint. We therefore moved to flow164

matching [18], which can generate in very few integration steps: the smooth flow admits higher-order165

integration schemes such as RK4, and optimal-transport pairing [34] during training straightens the166

trajectories, making even Euler steps sufficient.167

Recent work has favored flowing in pixel space rather than in the latent space [6, 21]. We do the same:168

we flow from noise in pixel space, conditioned on embeddings of the user’s existing musical idea. We169

said earlier that there is no compression in the embeddings; however, we find it sufficient to reduce the170

conditioning signal via PCA, keeping at least 90% of the variance per level, resulting in a reduction171

of over 3× (16,128 → 4,835 floats). This still reconstructs the input closely (F1=0.996), yet the goal172

is variations rather than copies. How far those variations stray is controllable: guidance strength sets173

how tightly a sample follows its conditioning, and dropping conditioning at different levels loosens it174

further. That dropout also points to how we handle inpainting. To inpaint, we apply spatial dropout175

to the PCA conditioning at the locations the user painted. The flow was trained with exactly this176

dropout, so it fills the gap from surrounding context without needing an inpainting-specific sampler,177

unlike sampling-time schemes for diffusion models [30], and we adopt none of the flow-specific178

schemes [27, 23]. Varying the dropout probability per level sets how coarse or fine the replacement179

is: dropping only the fine levels rewrites notes while keeping the harmonic frame, dropping every180

level rewrites the passage.181
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Figure 4: Unified generation and inpainting. The encoder’s PCA-reduced conditioning maps pass
through a dropout stage that zeroes patches under a hand-drawn mask, at user-chosen strengths per
level; a flow-matching model then generates a window from noise, guided only by the surviving
conditioning (10 Euler steps, guidance 1). Outside the mask the output is overwritten with the input,
preserving untouched music exactly. With no mask, the same pipeline performs ordinary conditioned
generation, varied by seed or guidance strength. The piano rolls are real data: one POP909 excerpt
and four generated variations (cropped to the occupied pitch range for display).

Table 2: (a) Conditioned on a real window’s own embeddings, the flow reproduces it nearly pixel-
perfectly with no post-hoc alignment: the PCA-reduced conditioning retains enough to rebuild the
input. (b) Note density restored in the masked region under the dropout pipeline of Fig. 4: the full
input is always encoded, and conditioning patches under the mask are dropped at the stated per-level
strengths. Restoration falls monotonically with dropout strength; spreads are ±1–23%. Both panels:
10 Euler steps, guidance 1.0, over 6 songs × 3 seeds, with 3 masks in (b).

(a) Reconstruction, pixel F1 0.996± 0.004

(b) Note density restored in masked region vs. dropout strength
no dropout (reconstruction) 100%
fine levels (L4–L5) @ 0.85 96%
fine levels (L4–L5) @ 1.0 76%
all levels @ 1.0 53%

Figure 4 shows four inpainted variations of a real excerpt, and Table 2 quantifies both generation and182

inpainting. Infilled notes generally fit the surrounding music, though they follow it less closely than183

larger diffusion models [14], and some land off. That manifests as variability in how much material184

the model commits inside the mask. The paradigm absorbs it: an AI Rick Rubin “barely” plays the185

instrument, and a suggestion need only convey an idea the user implements themselves.186

5 Outro: What To Do With This?187

We built a live demo2 that serves not only as an interactive probe of the model’s representational188

capacity, but as a super fun app that shows how this kind of control feels in practice. Encoding a189

128× 128 window takes 8.6 ms on two CPU threads, faster than Apple’s Metal backend (19.9 ms). A190

suggestion (10 Euler steps at guidance 1.0, one function evaluation per step) takes 3.8 s on two CPU191

threads and 2.8 s on a full CPU (M1 Max, no MPS), within our “timely” design target; MPS drops192

this to 0.6 s, a laptop RTX 4090 to 0.10 s. Sampling is over 99% of these times, so latency scales193

with function evaluations. Because the model is likelier to under-fill a mask than over-fill it, the demo194

streams several variations ordered by how many new notes each contains, so the next is ready while195

the user auditions the last. Future work could extend the temporal field by treating the coarsest levels196

as tokens in a sequence model, or by folding piano-roll images into large squares as in [14]. Adding197

channels to encode note onsets, velocities, and multiple instruments would lead to richer musical198

capabilities, and an onset channel would free the separator frames that currently halve the window’s199

span. While this system is intended for interacting with humans, nothing prevents someone from200

wiring it to a production system and closing the loop entirely. However, we strongly believe in AI for201

enhancing humans’ experience of creativity, not for replacing it.202

2Best experienced firsthand: drscotthawley-midi-rae-jepa-son.hf.space
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